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Abstract

As computer vision research shifts towards video and volumetric data, the demand for

efficient processing of spatiotemporal and multi-dimensional data has grown significantly.

This thesis investigates the optimisation and mapping of 3D Convolutional Neural Net-

works (CNNs) onto Field-Programmable Gate Arrays (FPGAs), addressing the growing

demand for hardware acceleration in applications like human action recognition (HAR),

and medical image segmentation. Compared to 2D CNNs, 3D CNNs introduce addi-

tional complexity, larger workloads and higher memory demands. The research explores

novel FPGA-based methodologies for both throughput- and latency-optimized designs to

address these challenges. Synchronous dataflow is utilised to generate intermediate repre-

sentations of 3D CNNs, facilitating transformations to expand the design space. A key

contribution is the development of automated toolflows for mapping and optimising 3D

CNNs onto FPGA devices, addressing the lack of model-agnostic solutions. Adaptive op-

timization strategies are explored to automatically adjust to varying model architectures

and hardware constraints. The research emphasizes on balancing between on-chip and

off-chip memory utilisation, as the large data volumes of 3D models often exceed on-chip

memory resources requiring off-chip access that can degrade performance. Strategies to

address these challenges are investigated, particularly in streaming architectures featuring

complex blocks like residual connections and branching. Another key contribution is

the introduction of novel design space exploration and performance modelling methods,

for efficiently navigating the 3D CNNs’ broadened design space. The study additionally

investigates runtime parametrisation and reconfigurable computing techniques to improve

the flexibility and efficiency of the proposed accelerators. The findings demonstrate

significant improvements in both throughput and latency oriented architectures across

several 3D CNN models, highlighting the efficiency of the proposed solutions. While

primarily focused on Human Action Recognition (HAR), the methodologies of this thesis

are broadly applicable to other domains, like video analysis and medical imaging, enabling

the 3D CNN implementation and deployment in resource-constrained settings.
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Chapter 1

Introduction

Artificial Intelligence (AI) has rapidly evolved from a concept limited to research labs and

niche applications to a prominent part of our everyday lives. Its presence grows stronger

with each passing day, influencing how people engage with technology and reshaping

industries. In recent years, AI has emerged as a go-to solution across various domains,

integrating into both personal and professional lives. AI-powered technologies have

become prevalent in daily life, improving user experiences through tools like computer

vision algorithms in smartphone cameras, enabling functionalities such as facial recogni-

tion, augmented reality filters, and real-time scene detection. Perhaps more importantly,

AI has accelerated transformation in industrial settings, driving innovation in robotics,

automotive, security systems, medical diagnostics, and agriculture. These applications

highlight AI’s versatility and capacity to excel at a variety of tasks. In addition, the

impact of AI have affected the focus of research and development in the computer

science community. The advancements in AI has necessitated the development of new

methodologies and tools, from software frameworks to hardware architectures, which

enabled a complementary evolution in both domains. AI continues to push technological

limits, transforming not only the tools we use, but also the fundamental approaches we

use to solve challenging problems.

The abundance and ever-increasing availability of data have been a critical factor

in the remarkable evolution of AI [7, 8]. At the heart of AI lies Machine Learning

(ML), a subset of AI that focuses on algorithms enabling machines to learn from data.

Machine learning algorithms rely heavily on training data to effectively learn underlying

patterns and features, performing a wide range of tasks. The larger the volume and

diversity of data, the more opportunities there are for these algorithms to improve their

performance, adapt to complicated settings, and attain greater accuracy. Within ML,
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Deep Neural Networks (DNNs) have emerged as a powerful approach for leveraging this

vast amount of data, with their layered architecture enabling the extraction of patterns

and representations from large datasets. The advancements in DNN architectures have

empowered these models to scale effectively, enabling them to process and utilize the

vast amounts of data required for modern AI applications. Prime examples of such

architectural innovations are the ResNet [9] and Transformer [10] architectures, which

have been instrumental in driving this shift. This synergy between data availability

and architectural innovation is one of the cornerstones for AI’s rapid advancement and

expanding capabilities.

Another important factor driving AI advancements is the continuous improvement in

performance and computing power of the underlying hardware on which AI algorithms

are executed. This revolution started with the pioneering work of A. Krizhevsky et

al. [11], who utilised GPUs for the first time to train a deep Convolutional Neural Network

named AlexNet on an large-scale dataset. This significantly decreased training times and

enabled them to outperform competitors in the ImageNet challenge (ILSVRC) [12] by a

significant margin (9.8pp), marking a pivotal moment in AI history. From that point on,

GPUs have become the go-to choice for AI applications, providing the computational

horsepower necessary to support increasingly complex models. More recently, Google’s

Tensor Processing Unit (TPU) [13] have advanced the area by providing specialised

hardware optimised for deep learning workloads. Today, the evolution continues with the

emergence of domain-specific Application-Specific Integrated Circuits (ASICs), such as

the Language Processing Unit (LPU) from Groq [14], which was specifically designed to

meet the immense requirements of large language models (LLMs). Other key players have

also introduced novel hardware, such as SambaNova Systems with their Reconfigurable

Dataflow Unit (RDU)1 and Tenstorrent with their Tensix Neo2 architecture, further

diversifying the AI hardware landscape. Field-Programmable Gate Arrays (FPGAs)

have emerged as a flexible and energy-efficient alternative for AI workloads [15, 16].

Offering a unique balance between the general-purpose parallelism of GPUs and the

specialization of ASICs, FPGAs offer a unique middle ground enabling custom hardware

configurations tailored to specific AI models. This reconfigurability allows them to adapt

to evolving architectures while maintaining efficiency, making them well-suited for edge

AI and exploratory research. These hardware breakthroughs, together with algorithmic

1https://sambanova.ai/products/sn40l-rdu-ai-chip
2https://tenstorrent.com/en/ip/tensix-neo
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and data-driven advancements, have been instrumental in AI’s explosive growth and

expanding capabilities.

1.1 Motivation

The rapid evolution of machine learning (ML) model architectures not only brings struc-

tural and architectural changes in the models, but it can also increase their computational

and memory requirements. As these models introduce novel primitives and increase

in complexity, existing hardware, which often conforms to a “one-size-fits-all” design

approach, struggles to keep pace. This general-purpose approach results in inefficiencies,

as the hardware may be underutilised for certain workloads, leading to suboptimal

performance. The development of new domain-specific hardware to facilitate new model

architectures is inherently slow, given the long design and manufacturing cycles for

custom chips. This lag poses a significant challenge in aligning hardware capabilities

with the ever evolving landscape of machine learning model architectures, highlighting

the necessity for more flexible solutions.

To bridge this gap and minimise hardware underutilization while ensuring optimal

performance for ML models, the need for solutions that apply model-specific customiza-

tions has become essential. Tailoring the workload of machine learning models to the

specific hardware can significantly boost performance and efficiency. A range of tools

have been developed to streamline this process, including Intel OpenVINO [17, 18], AMD

Vitis AI [19, 20], and Nvidia TensorRT [21, 22]. These frameworks enable software and

compiler-level optimizations tailored to specific pairs of models and hardware configu-

rations, primarily focusing on these aspects while only partially addressing hardware

architecture-level customizations. This leaves a gap for solutions that focus on hardware-

level optimizations to meet the specific demands of emerging ML architectures, unlocking

new possibilities for efficiency and innovation in AI acceleration.

While numerous works have focused on hardware-level optimizations for FPGAs,

proposing solutions tailored to the specific requirements of two-dimensional (2D) Con-

volutional Neural Network (CNN) models [23–26]. These models are a cornerstone of

modern computer vision, excelling at processing grid-like data such as static images. In

contrast, the field of three-dimensional (3D) CNNs—which extend these principles to

handle volumetric or spatiotemporal data like videos and medical scans—still remains

relatively unexplored, with only a handful of studies addressing their unique challenges.

Considering the importance of 3D CNN applications like Human Action Recognition
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(HAR), medical imaging, and video analysis, which play pivotal roles in domains such

as healthcare, surveillance, and autonomous systems, this leaves a significant gap in

providing optimized and efficient solutions tailored to their unique characteristics and

computational demands. The additional computational and memory demands of 3D

CNNs, stemming from their ability to process and handle higher-dimensional spatiotem-

poral data, demand bespoke solutions rather than adaptations of the already existing

methods for 2D CNNs, which often result in inefficiencies or suboptimal performance.

Furthermore, the lack of generic, end-to-end tools for optimising 3D CNNs on reconfig-

urable hardware creates also a notable gap in the field. This thesis aims to fill these gaps

by developing efficient, scalable, and model-agnostic tools specifically designed for 3D

CNNs, enabling their full potential in impactful applications such as HAR.

1.2 Contribution

The primary contribution of this thesis is a novel methodology for designing and optimizing

FPGA-based accelerators for 3D CNNs. Our central insight is that by systematically

expanding the design space with new, configurable dimensions—such as automated

model partitioning and flexible on-chip/off-chip memory management—we create a richer

solution space to explore. Ultimately, the success of this approach is not attributable

to a single architectural invention, but in its ability to enable the discovery of superior

hardware configurations by systematically and effectively searching this larger design

space with automated Design Space Exploration (DSE). This methodology, and its

implementation in two novel toolflows, leads to the following specific contributions:

• Development of strategies to optimize 3D CNN execution on FPGAs:

This research introduces novel techniques aimed at overcoming the computational

and memory challenges associated with 3D CNNs. This includes strategies for the

efficient management of the vast amounts of intermediate data generated during

3D CNN processing, specifically emphasising sub-graph partitioning algorithms.

These solutions allow for the efficient management and processing of the models’

workloads, ensuring the adaptability across diverse model architectures and FPGA

platforms, for applications such as human action recognition, medical imaging, and

video analysis.

• Design Space Exploration (DSE) and performance/resource models for

3D CNNs: Specialized Design Space Exploration (DSE) solutions tailored to the
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distinctive characteristics of 3D CNNs are introduced in this thesis. Alongside

these, precise performance and resource models are developed, providing accurate

predictions of hardware resource utilization and implementation’s performance.

These tools are designed to guide the optimization processes while addressing the

unique demands of 3D CNN workloads.

• Introduction of two toolflows designed for FPGA-based acceleration of

3D CNNs: This research has resulted into two distinct, end-to-end toolflows de-

signed specifically for 3D CNNs: A throughput-oriented toolflow named fpgaHART3

and a latency-oriented toolflow named HARFLOW3D4. These toolflows integrate

the proposed DSE solutions and performance and resource modelling, providing au-

tomated solutions capable of generating optimal hardware configurations targeting

specific pairs of models and FPGA platforms. Through these toolflows, this thesis

explores and evaluates various modern 3D CNN architectures, demonstrating their

adaptability and efficiency across a wide range of FPGA platforms. Both toolflows

have been made open-source under the GPL-3.0 license to facilitate further research

and development in the field.

1.3 Thesis Overview

This thesis is organized into the following chapters, each addressing key aspects of my

research:

• Chapter 2 provides an in-depth discussion of foundational concepts in deep learning

and artificial intelligence, with particular focus on convolutional neural networks

(CNNs) and the distinctions between 2D and 3D CNNs. It also reviews various

AI hardware accelerators, including systolic arrays and streaming architectures.

Human Action Recognition (HAR), a very important application of 3D CNNs, is

thoroughly discussed, highlighting its significance, architecture styles, evaluation

methods, and benchmarks. The chapter concludes with an overview of existing

FPGA-based 3D CNN HAR accelerators, setting the stage for the hardware-based

optimizations explored in later chapters. a lightweight and efficient architecture

designed for high-performance video processing tasks

3https://github.com/ptoupas/fpgahart
4https://github.com/ptoupas/harflow3d
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• Chapter 3 presents the theoretical and practical aspects for FPGA-based ac-

celeration on 3D CNNs, targeting the X3D model, a state-of-the-art, lightweight

and efficient architecture designed for video-related tasks such as Human Action

Recognition (HAR). This chapter covers the FPGA-based modelling of 3D CNNs

using directed acyclic graph (DAG) representations, as well as the conversion of

these intermediate representations (IR) into hardware building blocks utilising

synchronous dataflow graphs (SDFGs). Additionally, it discusses key design space

exploration and optimization strategies, including model partitioning and perfor-

mance modelling, and concludes with an evaluation of quantisation experiments

and overall performance.

• Chapter 4 presents fpgaHART, a throughput-oriented toolflow for automating

the deployment and optimization of 3D CNNs on FPGAs. This chapter details the

development of fpgaHART, which supports multiple models and FPGA platforms

and incorporates an automated model-partitioning strategy. This partitioning

identifies optimal reconfiguration points for per-partition optimizations, overcoming

the scalability limitations of the manual tuning of partitions. fpgaHART is evaluated

across various FPGA platforms and 3D CNN architectures, demonstrating its

adaptability and high throughput, thus establishing a new standard for, FPGA-

based 3D CNN deployment in throughput-oriented applications.

• Chapter 5 tackles the limitations of traditional streaming dataflow architectures in

handling large and complex CNNs. This chapter introduces memory optimization

techniques that utilizes both on-chip and off-chip memory in streaming architec-

tures, enabling the acceleration of larger networks. Key contributions include

the introduction of activation eviction, and weight fragmentation, a Design Space

Exploration (DSE) strategy with special focus on model partitioning and memory

utilisation.

• Chapter 6 introduces HARFLOW3D, a latency-oriented toolflow for deploying

3D CNNs on FPGA platforms. HARFLOW3D comprises a model parser, resource

and performance models, a scheduling algorithm, and a resource-aware optimiza-

tion engine. Through an array of transformations tailored to each model layer,

HARFLOW3D achieves significant latency reductions, leveraging parametrised

building blocks for runtime flexibility. The toolflow’s performance is evaluated

across multiple 3D CNN and FPGA configurations, achieving state-of-the-art per-
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formance, and marking a substantial advancement in latency-oriented FPGA-based

3D CNN acceleration.

• Chapter 7 summarizes the findings and contributions of the research, empha-

sizing the advancements in FPGA-based 3D CNN acceleration achieved through

throughput- and latency-oriented designs. This chapter also discusses potential

directions for future work in hardware-accelerated deep learning.

1.4 Published Work

The research conducted for this thesis has led to several conference publications, which

are listed below.

1. P. Toupas, C.-S. Bouganis and D. Tzovaras, "FMM-X3D: FPGA-Based Modeling

and Mapping of X3D for Human Action Recognition," 2023 IEEE 34th International

Conference on Application-specific Systems, Architectures and Processors (ASAP),

Porto, Portugal, 2023, pp. 119-126. This publication is relevant to Chapter 3.

2. P. Toupas, C.-S. Bouganis and D. Tzovaras, "fpgaHART: A Toolflow for Throughput-

Oriented Acceleration of 3D CNNs for HAR onto FPGAs," 2023 33rd International

Conference on Field-Programmable Logic and Applications (FPL), Gothenburg,

Sweden, 2023, pp. 86-92. This publication is relevant to Chapter 4.

3. P. Toupas∗, A. Montgomerie-Corcoran∗, C.-S. Bouganis and D. Tzovaras,

"HARFLOW3D: A Latency-Oriented 3D-CNN Accelerator Toolflow for HAR

on FPGA Devices," 2023 IEEE 31st Annual International Symposium on Field-

Programmable Custom Computing Machines (FCCM), Marina Del Rey, CA, USA,

2023, pp. 144-154. This publication is relevant to Chapter 6.

4. A. Montgomerie-Corcoran, P. Toupas, Z. Yu and C.-S. Bouganis, "SATAY: A

Streaming Architecture Toolflow for Accelerating YOLO Models on FPGA De-

vices," 2023 International Conference on Field Programmable Technology (ICFPT),

Yokohama, Japan, 2023, pp. 179-187.

While this publication is not directly related to the core content of this thesis,

it originated from a side project in collaboration with Alexander Montgomerie-

Corcoran for the AMD Open Hardware Competition 20235, where we achieved 1st

place in the PhD category.

5https://www.openhw.eu/2023-results-gallery
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5. P. Toupas∗, Z. Yu∗, C.-S. Bouganis and D. Tzovaras, "SMOF: Streaming Modern

CNNs on FPGAs with Smart Off-Chip Eviction," 2024 IEEE 32nd Annual Interna-

tional Symposium on Field-Programmable Custom Computing Machines (FCCM),

Orlando, FL, USA, 2024, pp. 185-196. This publication is relevant to Chapter 5.

In the above list of publications, the ∗ symbol denotes equal contribution.



Chapter 2

Background

This chapter provides the necessary background knowledge to contextualize the research

contributions presented in this thesis. It covers the key topics important for understanding

the techniques and innovations related to FPGA-based acceleration of 3D CNNs presented

in subsequent chapters. While this chapter provides a broad overview of the foundational

concepts, such as deep learning architectures, hardware accelerators, and the specifics

of 3D CNNs, later chapters focus on detailed explanations of the methodologies and

techniques applied in this research.

Section 2.1 introduces the fundamentals of deep learning, with a focus on Convolutional

Neural Networks (CNNs), including an exploration of both 2D and 3D CNN architectures,

a comparison of 2D and 3D CNNs, highlighting the computational and memory challenges

transitioning from 2D to 3D space, as well as training and inference procedures. This

discussion sets the foundation for understanding the computational challenges of 3D CNNs

and highlights the importance of 3D-specific hardware processing blocks and specialised

optimisation strategies in making 3D CNNs viable for their efficient deployment on FPGA

platforms.

Section 2.2 provides an overview of AI hardware accelerators, outlining the func-

tion and capabilities of ASICs, GPUs, and FPGAs. The flexibility and performance

advantages of FPGAs are highlighted for customisable, high-efficiency neural network

implementations. The discussion encompasses FPGA-specific architectures such as single

engine and streaming architectures, with the latter being the method adopted in this

thesis. The section also introduces the fpgaConvNet framework, which serves as the

methodological basis of this research, investigating the use of synchronous dataflow

graphs (SDFGs) and their transformation to efficiently map and optimise CNNs on
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FPGA hardware. It also discusses the fundamental concepts that will drive the modelling

and design space exploration approaches used later in this thesis.

Finally, Section 2.4 reviews existing 3D CNN FPGA accelerators, presenting the

state-of-the-art methodologies and assessing their limitations. By pinpointing these

challenges and emphasizing the key areas requiring improvement, this section lays the

groundwork for the contributions of this thesis, which aims to bridge these gaps.

2.1 Deep Learning and AI

In contrast to traditional machine learning methods, which necessitate considerable

domain expertise and rely on carefully engineered feature extractors, representation

learning enables machines to automatically extract useful representations from raw

data. Deep learning is such a representation learning technique relying on artificial

neural networks (ANNs) with multiple interconnected layers that transform raw inputs

into progressively more complex representations. As noted by Yann LeCun, Yoshua

Bengio, and Geoffrey Hinton in their seminal Nature publication [27], “Deep learning

allows computational models that are composed of multiple processing layers to learn

representations of data with multiple levels of abstraction.”. A key characteristic of deep

learning is that the features are not manually designed but learned from data through a

general-purpose learning procedure, such as the Stochastic Gradient Descent (SGD) [28].

Inspired by the human brain, neural networks were first introduced by McCullough

and Pitts in 1944 [29], who presented the idea of thresholded and weighted connections

between neurons. However, these early models lacked a layered structure or a training

mechanism. Frank Rosenblatt [30] developed the first trainable neural network, known

as the “Perceptron”, in 1957, establishing the foundation for modern neural networks by

incorporating adjustable weights and thresholds into a single-layer structure.

Deep learning’s hierarchical and non-linear way of processing the data has driven

remarkable advancements in artificial intelligence (AI), exhibiting outstanding results in

tasks such as speech recognition, visual object detection, and applications in domains like

drug discovery and genomics. The emergence of it has been driven by the availability of

large data sets and powerful computational resources, which enabled the training of deep

neural networks at an unprecedented scale. Foundational architectures like Convolutional

Neural Networks (CNNs) have been instrumental in handling grid-like data, such as

images, while newer models like Transformers have broadened the scope of deep learning

to sequential data tasks, like natural language processing. These advances emphasise the
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groundbreaking impact and versatility of deep learning in modern AI, with important

milestones in its history including:

• AlexNet [11] (2012): Showcased the power of deep learning in image classification

by achieving groundbreaking results in the ImageNet Large Scale Visual Recog-

nition Challenge (ILSVRC) [12]. This success was driven by two key factors:

the availability of the large-scale, precisely labelled ImageNet dataset, which pro-

vided a rich foundation for training, and the use of GPUs, which dramatically

accelerated training by handling parallel computations efficiently. Together, these

advancements made it feasible to train a model with approximately 60 million

parameters—something that would have been infeasible without the ImageNet

dataset and impractically slow using only traditional CPUs. AlexNet’s success

marked a pivotal moment for Convolutional Neural Networks (CNNs), establishing

them as a cornerstone of modern deep learning architectures for image and video

related tasks.

• Generative Adversarial Networks (GANs) [31] (2014): GANs enabled the generation

of synthetic but realistic data by employing an adversarial training framework,

where a generator creates data while a discriminator evaluates its authenticity.

Built upon convolutional architectures, GANs demonstrated the versatility of CNNs

in generating high-quality images, showcasing their capacity to model complex

spatial data. This innovation has revolutionized fields such as image synthesis, style

transfer, and creative AI applications, reshaping how AI interacts with creative

industries.

• ResNet [9] (2015): Residual Network architecture introduced residual learning

through skip connections, which act as shortcuts to bypass layers and improve

gradient flow, effectively solving the vanishing gradient problem, a phenomenon

where the training signal weakens as it is propagated back through many layers.

ResNet extended the scalability of CNNs, making it feasible to train networks with

hundreds or even thousands of layers while preserving stability and performance. It

demonstrated that deeper architectures could achieve superior accuracy, inspiring

subsequent advancements in deep learning design.

• Transformers [10] (2017): They leverage the self-attention mechanism, a technique

that allows the model to weigh the importance of different parts of the input

data in relation to each other, to capture long-range dependencies and process
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data in parallel, enhancing efficiency and scalability by exploiting the available

hardware parallelism. This architecture has achieved state-of-the-art results in

Natural Language Processing (NLP) and has extended its versatility to domains

like computer vision and speech recognition, becoming foundational in modern AI.

2.1.1 Convolutional Neural Networks (CNNs)

Convolutional Neural Networks (CNNs) are a cornerstone of modern deep learning, known

for being efficient at processing grid-like data, such as images and videos. CNNs, were

introduced by Y. LeCun et al. [32] in 1998 with the LeNet-5 architecture for handwritten

digit recognition, revolutionizing the design and implementation of Deep Neural Networks

(DNNs) on grid-like data.

Prior to the introduction of CNNs, the standard method for training neural networks

to categorise images required flattening the image into a one-dimensional vector of pixels

and sending it into a Feedforward Neural Network (FNN) to generate the class labels.

However, flattening an image not only discards the image’s essential spatial information,

but also yields a considerably higher number of parameters. This often leads to higher

memory demands and computational complexity, especially for larger images, making

this method inefficient and resource-intensive.
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Fig. 2.1 A single-hidden-layer FNN comprising 128 neurons.



2.1 Deep Learning and AI 13

CNNs excel at processing grid-like data, such as images, due to their highly efficient

processing of the input data. A defining characteristic of CNNs is weight sharing,

achieved through the use of convolutional kernels. This method dramatically lowers the

number of trainable parameters compared to FNNs, where each neuron in a layer is

fully connected to all neurons in the preceding layer. Consider a 32 × 32 RGB image

with three colour channels. An FNN with a single hidden layer of 128 neurons requires

32 × 32 × 3 × 128 = 393, 216 trainable parameters for the first layer alone, as shown

in Figure 2.1. On the other hand, a CNN with a convolutional layer of 128 filters

(each of size 3 × 3 × 3) requires only 3 × 3 × 3 × 128 = 3456 parameters. This greatly

reduces—over 100× fewer parameters—the memory needs and computational complexity

of CNN models.

At the heart of CNNs lie three fundamental layers: convolutional and pooling layers,

and nonlinear activation functions, each contributing distinct functionalities to the

network’s overall capability:

• Convolutional Layers: The convolutional layer is the cornerstone of CNNs,

responsible for extracting features from input data. It performs convolution op-

erations using a set of learnable filters (or convolutional kernels) that slide over

the input, computing dot products at each position. These filters are designed

to detect patterns, such as edges, textures, or more complex shapes in deeper

layers. The sliding operation, combined with weight sharing, allows the layer

to efficiently capture local spatial dependencies while significantly reducing the

number of parameters compared to fully connected layers. The output of this layer

is a set of feature maps (FMs) that encode the presence and location of learned

patterns. A more technical discussion on 2D and 3D convolutional layers will follow

in Section 2.1.2.

• Pooling Layers: Pooling layers, often applied after convolutional layers, down-

sample the feature maps. This operation reduces the spatial dimensions of the

data, thereby decreasing computational load and mitigating the risk of overfitting.

Max pooling, which selects the maximum value in a pooling window, and average

pooling, which computes the average, are the two most common pooling techniques.

• Nonlinear Activation Functions: Non-linear activation functions, such as

ReLU [33], Sigmoid, and Tanh [34], are integral to CNNs and DNNs in general.

These functions introduce nonlinearity into the model, enabling the network to

learn complex patterns in the data. Without these non-linear operations, the
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network would effectively act as a linear function, limiting it to solving only linearly

separable problems and preventing it from tackling more complex, non-trivial and

non-linear tasks.
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Fig. 2.2 A simple CNN model comprising the three fundamental, Convolution, Pooling,
and Nonlinear Activation layers.

Figure 2.2 depicts a very simple CNN model comprising the fundamental layers

described above. The input image is processed by a convolutional layer to extract

features, then passed through a non-linear activation function (ReLU), and finally

downsampled by a pooling layer (MaxPooling) to reduce its spatial dimensions. The final

feature map is flattened and passed to a Fully Connected layer (as those used in FNNs).

In addition to decreased number of parameters and computational complexity, CNNs

are particularly effective at capturing essential features by focussing on local spatial

patterns such as edges and textures rather than depending on the dense connections

found in FNNs, which frequently lead to overfitting. Their localised receptive fields

allow for hierarchical feature extraction, in which low-level features can be identified

in the first layers and more abstract patterns are picked up in deeper layers. These

advantages brought CNNs to the forefront of applications such as object detection, image

classification, and video recognition, establishing them as a cornerstone of modern AI for

processing visual and spatiotemporal data.

2D CNNs

A 2D Convolutional Neural Network (CNN) is designed to process two-dimensional data,

such as images, through a layered architecture to extract and learn spatial hierarchies

from the input. Despite the fact that 2D CNNs are designed to operate in two dimensions,

they are also capable of processing three-dimensional data, such as RGB images. In
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this case, each filter covers the whole depth of the input (for example, all three colour

channels), allowing for the simultaneous extraction of spatial characteristics across

channels. However, the operations themselves—such as convolutions and pooling—are

applied strictly along the two spatial dimensions (height and width), preserving the title

of “2D” architectures.

A typical 2D CNN architecture is composed of numerous fundamental building

components. As previously described, the core of these networks consists of convolutional

and pooling layers. Activation functions play an important role in CNN models. These

non-linear activation functions, such as ReLU (Rectified Linear Unit), add nonlinearity

into the network, allowing it to learn and represent complex patterns. Finally, the

extracted features flow through one or more fully connected layers, which map them to

output classes or regression targets, concluding the network’s decision-making process.

Over the years, several landmark architectures have shaped the evolution of 2D CNNs.

These architectures introduced innovations that addressed challenges related to depth,

computational efficiency, and scalability. The architectures listed below represent key

milestones that emerged following the revolutionary AlexNet [11], which lead to the

modern deep learning era.

• GoogLeNet or Inception V1 [35] (2014): Introducing the Inception module, GoogLeNet

utilized a multi-branch structure to process features at different scales simultane-

ously, which are then stacked together to generate the final output, significantly

improving computational efficiency without compromising accuracy.

• ResNet [9] (2015): As previously described, ResNet pioneered the concept of

residual learning, enabling the training of extremely deep networks by addressing

the vanishing gradient problem.

• UNet [36] (2015): Designed specifically for semantic segmentation, UNet utilized

an encoder-decoder structure with skip connections, ensuring precise localization

of features, which was particularly impactful in medical imaging [37].

• MobileNet [38] (2017): MobileNet focused on mobile and embedded systems, using

depthwise separable convolutions to drastically reduce computational requirements

while maintaining performance.
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3D CNNs

A 3D Convolutional Neural Network (CNN) builds upon the concepts of 2D CNNs to

process three-dimensional data, making it particularly suitable for applications requiring

the extraction of temporal and volumetric information. In contrast to its 2D equivalents,

which function within spatial dimensions (height and width), 3D CNNs incorporate

an additional dimension into the convolutional kernels, allowing them to process data

along the temporal or depth dimension. Applications on this domain include Human

Action Recognition, where 3D CNNs effectively capture temporal dynamics for action

classification; medical imaging such as MRI and CT scans, where 3D CNNs help the

analysis of spatial structures across slices, improving segmentation; and video analysis,

wherein 3D CNNs analyse sequential frames jointly, capturing motion information and

contextual relationships crucial for tasks such as video tagging or summarisation. The

incorporation of a third dimension increases the computational complexity of the network,

making architectural innovations and efficiency optimisations essential for practical

deployment.

The architecture of a 3D CNN extends the fundamental operations of 2D CNNs

by incorporating a third dimension into convolutional and pooling layers, allowing

simultaneous processing and learning of spatiotemporal or depth-related information.

This enables 3D CNNs to extract features across width, height, and depth dimensions,

offering a unified approach to processing volumetric or video data. This, however,

increases computational complexity and memory demands, necessitating meticulous

model design and optimizations to achieve efficient implementation.

Several influential architectures have shaped the development of 3D CNNs, addressing

challenges related to computational cost, scalability, and accuracy in spatiotemporal data

analysis:

• C3D (Convolutional 3D Network) [39] (2015): One of the first 3D CNNs, C3D

demonstrated the potential of 3D convolutions for spatiotemporal feature learning.

It applied 3D kernels to video data, effectively capturing both spatial and temporal

dependencies, making it a benchmark in video analysis, particularly in the task of

Human Action Recognition (HAR).

• Temporal Segment Networks (TSN) [40] (2016): TSN introduced a novel segment-

based sampling and aggregation approach. By dividing the videos into segments

and sampling from these segments it could efficiently capture long-term temporal

dependencies. Utilising its aggregation mechanism to combine the information
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from these sampled segments TSN could form a comprehensive understanding of

the action being performed.

• Inflated 3D ConvNet (I3D) [41] (2017): I3D expanded 2D CNN architectures, like

Inception V1 [35], by inflating filters and pooling kernels into three dimensions,

effectively “transferring” knowledge from pre-trained 2D CNNs to 3D CNNs. Addi-

tionally, it employed a two-stream architecture style, processing both RGB frames

and optical flow to capture appearance and motion, with predictions averaged

during testing to enhance accuracy.

• SlowFast Networks [42] (2019): These networks used a two-stream architecture

style to process video data at different temporal resolutions. The “Slow” pathway

captured spatial semantics at a lower frame rate, while the “Fast” pathway focused

on dynamic temporal changes, achieving a balance between accuracy and efficiency.

• X3D [6] (2020): X3D explored the idea of scaling 3D CNNs in multiple dimen-

sions—such as width, depth, and resolution—tailoring the architecture for video

analysis while optimizing for computational efficiency. Its scalability and adapt-

ability made it a versatile choice for various spatiotemporal tasks.

2.1.2 2D vs 3D Convolution

Convolution is the fundamental operation in Convolutional Neural Networks (CNNs), and

it is essential for feature extraction and representation learning. Convolutional layers work

by sliding a kernel (or filter) across the input data, executing dot-product computations

between the kernel and overlapping regions of the input. The core parameters of the

convolution operation include kernel size, stride, padding, and dilation, as detailed

below, while Figure 2.3 depicts the effect of different parameter configurations on a 2D

convolution.
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(a) Convolution operation with the following configuration:
Input size (5 × 5), Kernel size (3 × 3), Stride (1), Padding (0), Dilation (1).

(b) Convolution operation with the following configuration:
Input size (5 × 5), Kernel size (3 × 3), Stride (2), Padding (0), Dilation (1).

(c) Convolution operation with the following configuration:
Input size (5 × 5), Kernel size (3 × 3), Stride (1), Padding (1), Dilation (1).

(d) Convolution operation with the following configuration:
Input size (5 × 5), Kernel size (3 × 3), Stride (1), Padding (0), Dilation (2).

Fig. 2.3 Visual representation of the Convolution in various configurations of the main
parameters: Kernel Size, Stride, Padding, and Dilation.
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• Kernel Size: It determines the field of view or receptive area of the convolution.

In 2D CNNs, kernel sizes are typically 3 × 3 or 5 × 5, while in 3D CNNs, the kernels

are extended to 3 × 3 × 3, reflecting the additional spatial-temporal dimension.

• Stride: It determines the kernel’s step size while it traverses the input. A stride

of one preserves the spatial dimensions, while strides greater than one result in

downsampling of the spatial dimensions, similar to pooling operation.

• Padding: It specifies how the input’s edges are handled. Padding can either keep

the input size same (e.g., “same” or half padding) or reduce it (e.g., “valid” or no

padding), changing the output’s spatial dimensions.

• Dilation: Controls the spacing between kernel values, allowing for larger receptive

fields while keeping the number of parameters unchanged. For example, a 3 × 3

kernel with a dilation of two will have the same field of view as a 5 × 5 kernel while

only needing 9 parameters.

• Input and Output Channels: A convolutional layer receives input data with a

fixed number of channels C (for example, three for RGB images) and generates

outputs with a configurable number of output channels, often referred to as filters

F . Each filter corresponds to a distinct set of weights used to extract specific

features from the input data, resulting in a unique output channel in the output

feature map.

Both 2D and 3D CNNs employ various convolution types to optimize performance,

enhance feature extraction, or reduce computational cost. Key convolution types include:

• Full Convolution: This operation computes each output channel by applying a

kernel to all input channels and aggregating their results. The kernel processes

the input by sliding over it in two dimensions (height and width), performing

element-wise multiplications, and summing the results to generate a single pixel per

window. This process is repeated throughout the input, yielding a feature map that

encodes spatial correlations. In 3D CNNs, this concept is applied to volumetric

data, with the kernel operating in three dimensions—height, width, and depth (or

time)—to capture both spatial and temporal relationships. The technical details of

how these processes vary with input and output configurations will be discussed

later on in the section.
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• Grouped Convolution: Initially introduced in AlexNet [11] (2012), grouped

convolution splits input channels into separate groups, applying convolutions inde-

pendently within each group reducing the number of parameters and computations

compared to full convolution.

• Pointwise Convolution: This type of convolution initially proposed by M. Lin et

al. [43] (2014) employs a 1 × 1 kernel in 2D or a 1 × 1 × 1 kernel in 3D to operate on

relevant spatial or spatial-temporal positions across the channel depth. It is typically

used for dimensionality reduction by modifying the number of output channels and

for mixing features across channels while maintaining spatial resolution.

• Depthwise Convolution: Introduced by F. Chollet [44] (2017), depthwise convo-

lution is a variation of standard convolution where each input channel is processed

independently. Instead of applying a single filter to all input channels combined

(as in a standard convolution), depthwise convolution assigns a separate filter

to each input channel, performing convolution operations independently for each

channel. This approach reduces computational complexity while preserving spatial

information within each channel. When paired with pointwise convolution, which

integrates features across channels, it forms Depthwise Separable Convolutions,

which are the fundamental block of efficient architectures like MobileNet [38] or

X3D [6].

• Dilated/Atrous Convolution: Initially proposed by L-C. Chen et al. [45] (2017),

dilated convolution expands the kernel’s receptive field by incorporating a dilation

rate, that “inflates” the kernel by inserting spaces between its elements, without

increasing the number of parameters. This approach provides a broader field of view

while maintaining the same computational cost, making it particularly effective for

tasks like real-time segmentation where efficiency and a wide receptive field are

critical.

Kumar et al. [46] provide a comprehensive overview of the various convolution operations

with detailed, animated, and interactive set of diagrams to illustrate the distinctions

between every variant.

Throughout the main chapters of this thesis, the types of convolution used in the

chosen CNNs for mapping and optimisation on reconfigurable hardware will be examined

further.
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Key Differences in 2D and 3D Operations

While 2D CNNs are primarily applied to image-based tasks, where inputs are represented

as 2D spatial grids, 3D CNNs operate on volumetric data, such as videos or 3D medical

imaging, accounting for the additional temporal or depth dimension. This extension

introduces challenges related to computational complexity, memory requirements, and

efficient hardware implementation.

W Kw

Wout

H

K
h

H
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C = 1 F = 1

Fig. 2.4 Operation of 2D convolution on single channel input feature map

To better understand the key differences between 2D and 3D convolutions, it is

essential to examine their operations, inputs, outputs, and kernels.

Given an input feature map (Sin) of shape {H × W × C} where H, W , C are the

input height, width, and channels and a set of filters F of shape C × Kh × Kw where Kh,

Kw are the kernel’s height and width, a 2D convolution operation results in an output

feature map (Sout) of shape Hout × Wout × F where Hout and Wout are the output height

and width, and are calculated as follows.

Hout =

⌊

H + (Phs
+ Phe

) − DRh × (Kh − 1) − 1

Jh

+ 1

⌋

Wout =

⌊

W + (Pws
+ Pwe

) − DRw × (Kw − 1) − 1

Jw

+ 1

⌋

(2.1)

Here Phs
, Pws

represent the padding applied to the top and left sides of the input image,

while Phe
, Pwe

denote the padding added to the bottom and right sides. The dilation

rates in the height and width dimensions are specified by DRh, DRw and the strides

along the height and width of the image are given by Jh, Jw.

In the 2D version, the kernel moves across the height and width dimensions of the

feature map, computing the output pixel value for each window of the input, as illustrated
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Fig. 2.5 Operation of 2D convolution on multiple channel input feature map

in Figure 2.4. Mathematically, for a 2D convolution with a stride and dilation of 1, each

pixel of the output feature map Sout at position (f, h, w) is computed as follows:

Sout(f, h, w) =
C

∑

c=1

Kh
∑

kh=1

Kw
∑

kw=1

Sin(c, h + kh, w + kw) · W (f, c, kh, kw) (2.2)

In convolution with a single input channel (Figure 2.4), the kernel performs convolution

on the input feature map to generate an output feature map. When there are multiple

input channels (Figure 2.5), each channel has its own kernel, and convolution is done

independently for each channel. The final output feature map is produced by accumulating

the results from all input channels (summing them element-wise). This accumulation

enables convolution to integrate information from all input channels.

The computational complexity of the 2D convolution, in terms of MAC operations, is

equal to C × Kh × Kw × Hout × Wout × F , while the number of learnable parameters are

C × Kh × Kw × F .

While 2D CNNs are tailored for image data, 3D CNNs extend the concept to volumetric

data or spatiotemporal data, such as video sequences or medical imaging volumes. This

extension involves using 3D kernels, which traverse both spatial dimensions and an
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additional depth (or temporal) dimension, enabling the network to learn both spatial

and temporal correlations.

In the case of 3D convolutions with an input feature map (Sin) of shape {D × H ×

W × C}, where D, H, W , C are the input depth, height, width, and channels, and a

set of filters F of shape C × Kd × Kh × Kw where Kd, Kh, Kw are the kernel’s depth,

height, and width, a 3D convolution results in an output feature map (Sout) of shape

Hout × Wout × Dout × F where Dout, Hout, Wout are the output depth, height, and width,

and are calculated as follows.

Dout =

⌊

D + (Pds
+ Pde

) − DRd × (Kd − 1) − 1

Jd

+ 1

⌋

Hout =

⌊

H + (Phs
+ Phe

) − DRh × (Kh − 1) − 1

Jh

+ 1

⌋

Wout =

⌊

W + (Pws
+ Pwe

) − DRw × (Kw − 1) − 1

Jw

+ 1

⌋

(2.3)

Here Pds
represents the padding applied to front side of the input volume, while Pde

denotes the padding added to the back side of it. The dilation rate in the depth dimension

is specified by DRd and the stride along the depth of the volume is given by Jd.

In the 3D case, the kernel is extended to include the additional depth dimension. This

expansion also applies to the input and output feature maps, in which the kernel traverses

not only the height and width dimensions, but also the depth dimension to account for the

volume’s depth. The 3D convolution operation is illustrated in Figure 2.6, highlighting

one fundamental distinction between 2D and 3D convolutions: the incorporation of the

depth dimension in the kernel’s traversal. Mathematically, for 3D convolution with stride

and dilation equal to 1, each pixel of the output feature map Sout at position (f, d, h, w)

is computed as follows:

Sout(f, d, h, w) =
C

∑

c=1

Kd
∑

kd=1

Kh
∑

kh=1

Kw
∑

kw=1

Sin(c, d + kd, h + kh, w + kw) · W (f, c, kd, kh, kw)

(2.4)

The computational complexity of the 3D convolution, in terms of MAC operations, is

equal to C × Kd × Kh × Kw × Dout × Hout × Wout × F , while the number of learnable

parameters are C × Kd × Kh × Kw × F .

When comparing the computational cost of 2D and 3D convolutions, the additional

depth dimension in 3D convolutions increases the overall complexity. The total compu-
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Fig. 2.6 Operation of 3D convolution on single channel input feature map

tations grow proportionally to Kd × Dout, where Kd is the kernel size along the depth

dimension, and Dout is the depth of the output feature map. This added dimension also

escalates the memory requirements, as the filters extend into three dimensions, increasing

the number of parameters by a factor of Kd for each filter.

A detailed comparison of 2D and 3D variants of four modern CNN models, ResNet [9],

ShuffleNetV2 [47], SqueezeNet [48], and UNet [36], is presented in Table 2.1. Further-

more Figures 2.7 to 2.10 present more detailed, per (convolutional) layer information for

the ResNet, ShuffleNetV2, SqueezeNet, and UNet models, respectively. These figures

illustrate the differences in Multiply and Accumulate (MAC) operations, intermediate

feature map memory usage in MBs, and the number of parameters on a per-layer basis,

focusing exclusively on the convolutional layers of each model.

By further analysing the data of Table 2.1 we observe that 3D CNNs exhibit a

6.28× higher volume of intermediate activations, measured in MBs, owing to the extra

depth dimension. This additional dimension greatly expands the data processed at each

layer, leading to a substantial increase in memory. Furthermore, 3D models demand

an average of 8.96× more Multiply and Accumulate (MAC) operations compared to

their 2D counterparts, reflecting the greater computational complexity introduced by
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Fig. 2.7 Comparing ResNet Model Characteristics and Statistics between 2D and 3D
Versions
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3D Versions
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Table 2.1 Characteristics and statistics on modern CNN architectures between their 2D
and 3D versions

Input Dims MACs (G) Params (M) Activations (MB)

2D
ResNet50 224x224 4.11 25.55 44.46

ShuffleNetV2 224x224 0.15 2.28 7.81
SqueezeNet 224x224 0.35 1.23 10.36

UNet 512x512 143.59 5.44 424.67
3D

ResNet50 16x224x224 39.98 48.25 270.65
ShuffleNetV2 16x224x224 0.75 2.32 41.28
SqueezeNet 16x224x224 3.65 2.35 89.28

UNet 116x132x132 1830.54 16.32 2396.01

the volumetric nature of 3D convolutions. Additionally, the number of parameters in 3D

models is 1.82× higher on average, as the convolutional kernels extend into the depth

dimension, resulting in more complex and resource-intensive filters.

These results highlight the significantly greater computational and memory demands

of 3D CNNs compared to 2D CNNs, as evidenced by the stark differences in parameter

count, activation volumes, and MAC requirements. The increased resource intensity of

3D models underscores the need for 3D-specific optimizations and hardware accelerators

to make their use feasible in real-world applications.

2.1.3 CNN Training and Inference

Convolutional Neural Networks (CNNs) operate through two distinct phases: training

and inference. These phases differ significantly in terms of objectives, computational

requirements, and operations performed, yet they collectively enable CNNs to learn and

utilize meaningful representations of data.

Training: Learning Representations: During the training phase, the objective

is to find a function that maps input data x to the desired outputs y. This approach

is a form of supervised learning, as the model is trained on a dataset where each input

is paired with a known, correct output (i.e., labelled data). This process begins with

forward propagation, where x passes through the network layers, undergoing operations

like convolution, activation, and pooling, to produce a predicted output ŷ. The predicted

ŷ is compared to the ground truth y using a loss function, J(θ) which calculates a

scalar cost, where θ represents the network’s learnable parameters (weights and biases).

Common loss functions include Mean Squared Error for regression and Cross-Entropy

Loss for classification. Backpropagation, introduced by Rumelhart et al. [34] in 1986,
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is an algorithm used to compute the gradients of the loss function J(θ) with respect

to each parameter in the network. It does that by propagating the error backward

through the network after a forward pass. These gradients are essential for understanding

how much each weight contributes to the error, guiding the optimization process. The

calculated gradients are then utilised by optimization algorithms such as Stochastic

Gradient Descent (SGD) [28] or Adam [49] to iteratively update the parameters, θ, of

the model. These optimisation algorithms are designed to minimize the loss function by

adjusting the model’s weights in the direction of the steepest descent, as indicated by

the computed gradients. This iterative cycle—forward propagation, loss computation,

backpropagation, and parameters updates—continues until convergence criteria are met.

Inference: Utilizing Learned Representations: Once a model is trained, meaning

its parameters θ have been optimized through the training process, it can be used for

inference. During inference, the trained network is deployed to process unseen input data,

leveraging the parameters θ learned during training. The primary objective of inference

is to deliver accurate and reliable predictions ŷ. Unlike training, which involves multiple

steps such as forward propagation, loss computation, backpropagation, and parameters

updates, inference focuses solely on forward propagation. This significantly reduces the

computational cost and memory requirements.

The computational cost, memory usage, and hardware requirements of these phases

vary significantly. Training is computationally intensive, often demanding high-performance

resources like GPUs or distributed systems to handle the extensive data processing and

iterative updates involved in optimizing model parameters. In contrast, inference focuses

on real-time or near-real-time applications, prioritizing low latency and efficient resource

usage to operate within the constraints of deployment environments, such as edge de-

vices or embedded systems. This thesis concentrates on the inference process of CNNs.

By leveraging reconfigurable hardware, specifically Field-Programmable Gate Arrays

(FPGAs), this work addresses the need for efficient, scalable inference solutions tailored

to the requirements of modern AI applications. The training phase is discussed only to

provide foundational understanding and context for the inference-specific contributions

of this research.

2.2 AI Hardware Accelerators

Deep learning has revolutionized many different areas, including image and video analysis,

natural language processing, and medical diagnostics. Nonetheless, its transformative
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potential comes at a cost: the significantly high computational demands required to deploy

these models. These demands emerge from the complexity and scale of deep learning

architectures. For example, Convolutional Neural Networks (CNNs)—a cornerstone of

Computer Vision applications—are particularly demanding due to their large workloads,

incorporating millions of parameters. This necessitates highly efficient and optimized

ways to perform operations such as Convolution and General Matrix Multiplication

(GEMM).

To address these challenges, hardware acceleration has become essential. CNN work-

loads are fundamentally parallelisable since they depend on operations like Convolution

and General Matrix Multiplication (GEMM), which can be performed concurrently across

multiple processing units. By leveraging this parallelism, hardware accelerators trans-

form the high computational demands into feasible solutions that can provide real-time

or near-real-time performance. The necessity for hardware accelerators is particularly

evident when considering computationally demanding models such as Transformers or

3D CNNs.

Among the platforms enabling this transformation are Application-Specific Inte-

grated Circuits (ASICs), General Purpose Graphics Processing Units (GPUs), and

Field-Programmable Gate Arrays (FPGAs). Each of these technologies provides unique

advantages tailored to the needs of deep learning applications. ASICs provide excep-

tional efficiency and performance for designated tasks, although they lack flexibility and

are expensive to develop and fabricate. GPUs, characterised by their large amount of

processing cores and high memory bandwidth, have emerged as the preferred choice for

deep learning training. They achieve a balance between performance and programmabil-

ity, although they tend to be power-hungry, making them less suitable for applications

targeting edge devices or embedded systems. FPGAs, the focus of this research, provide

a compelling middle ground, delivering hardware-level parallelism and customisation

while maintaining a high degree of flexibility. Their reconfigurable nature makes them

well-suited for accommodating a variety of deep learning models and workloads, especially

those with unique characteristics and demands.

The rest of this section will explore the architectural characteristics and capabilities of

the three platforms—ASICs, GPUs, and FPGAs—shedding light on their contributions

to the advancement of deep learning.
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2.2.1 Application-Specific Integrated Circuits (ASICs)

Application-Specific Integrated Circuits (ASICs) are specialised hardware accelerators

tailored for particular algorithms or computational tasks. Their co-designed hardware

and software architecture offers exceptional performance and efficiency, evidenced by

devices such as Google’s Tensor Processing Unit (TPU) [13] and Groq’s Tensor Stream-

ing Processors [14]. This optimisation results in minimum overhead and a compact

silicon footprint, making ASICs suitable for large-scale industrial and commercial appli-

cations. Nonetheless, ASIC development is expensive and time-consuming, necessitating

substantial expertise and resources. In contrast to FPGAs or GPUs, ASICs offer no

flexibility; once manufactured, their architecture cannot adapt to changing algorithms

or model-specific enhancements, hence constraining their applicability in dynamic or

exploratory research settings. Despite these limitations, ASICs exhibit great efficiency for

stable, fixed-function applications, making them the preferred option for production-scale

implementations when performance and energy efficiency are critical.

2.2.2 Graphics Processing Units (GPUs)

Graphics Processing Units (GPUs) are essential for deep learning due to their capacity

for extensive parallel computations. Utilising Single-Instruction-Multiple-Data (SIMD)

parallelism, GPUs provide exceptional performance in training deep neural networks

(DNNs) owing to their parallel and pipelined architecture. Their rich ecosystem, featuring

APIs such as CUDA1, OpenCL2, and SDKs like TensorRT [21, 22], facilitates fine-grained

optimization and seamless integration with the most popular deep learning frameworks

like PyTorch [50], TensorFlow [51], ONNX3, and Caffe [52].

Although GPUs provide outstanding performance, especially on DNN training tasks,

they are characterised by significant high power consumption, space requirements, and

heating problems making them not an ideal candidate platform for edge applications.

Embedded GPUs, like NVIDIA Jetson devices4, mitigate these constraints by focussing

on lightweight network architectures utilising techniques such as quantisation and prun-

ing, even though this results in decreased performance compared to their high-end

counterparts.

1https://developer.nvidia.com/cuda-toolkit
2https://www.khronos.org/opencl/
3https://onnx.ai/
4https://developer.nvidia.com/embedded-computing
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In essence, GPUs serve as a powerful and versatile platform for accelerating deep

learning, especially for training tasks and scenarios requiring high throughput. Despite

their advantages, GPUs depend significantly on the regularity and uniformity of workloads

to attain optimal performance. This dependence makes them less suitable than ASICs

or FPGAs for applications necessitating optimised latency reductions or task-specific

acceleration. Moreover, the high power consumption and maintenance costs of traditional

GPUs pose challenges for deployment in resource-constrained environments, where energy

efficiency, and cost-effectiveness are critical considerations.

2.2.3 Field-Programmable Gate Arrays (FPGAs)

Field-Programmable Gate Arrays (FPGAs) hold a unique position in the hardware

acceleration landscape, providing a middle ground between the high efficiency of ASICs

and the flexibility of GPUs. Compared to GPUs, FPGAs offer greater hardware-level

customisation, facilitating optimised implementations tailored to specific workloads,

making them particularly effective for inference applications where energy efficiency and

latency are essential. Compared to ASICs, which necessitate extensive development cycles

and substantial non-recurring engineering costs, FPGAs offer a pre-fabricated, readily

available option that can be programmed to implement end-to-end solutions within weeks.

By bypassing processes like physical design, layout, and fabrication, FPGAs dramatically

reduce time-to-market and development complexity. Their reconfigurable nature and

capacity for rapid prototyping enable FPGAs to adapt to evolving requirements, offering

a degree of flexibility unmatched by ASICs or GPUs.

FPGAs’ distinctive combination of flexibility, efficiency, and capacity to quickly adapt

to evolving workloads makes them notably well-suited for deep learning applications,

particularly in light of the growing need for hardware architectures that balance high

performance, power efficiency, and customisation. By bridging the gap between the pro-

grammability of power-hungry GPUs and the efficiency of fixed-function ASICs, FPGAs

offer an attractive alternative for AI-specific applications. Several studies [53–56] have

highlighted the strengths of FPGA-based accelerators, providing detailed comparisons of

device options and methodologies for optimizing deep neural network architectures.

Venieris et al. [57] categorised FPGA-based AI accelerator designs into two main archi-

tecture styles: single engine and streaming architectures. These architectural paradigms

illustrate the adaptability of FPGAs, demonstrating their ability to accommodate the

diverse and evolving requirements of deep learning algorithms. The combination of
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reconfigurability, efficiency, and adaptability makes FPGAs a suitable platform for the

advancement of AI acceleration.

FPGA Resource Primitives

The reconfigurable fabric of modern FPGAs is heterogeneous, comprising several types

of specialised hardware blocks. Understanding these fundamental resource primitives is

crucial for designing and optimising CNN accelerators, as the efficiency of an implemen-

tation is determined by how well it utilizes these resources. The primary resource types

relevant to this thesis are:

• Logic Blocks: The most fundamental components of an FPGA are the logic

blocks, which consist of Look-Up Tables (LUTs) and Flip-Flops (FFs). LUTs are

small memory blocks that can be programmed to implement any Boolean logic

function of a few inputs (typically 4-6). FFs are used to store state and register

signals, enabling the creation of sequential logic and pipelines. LUTs can also be

configured as small, fast distributed RAM blocks, often referred to as LUTRAMs,

which are ideal for implementing small buffers or FIFOs directly within the logic

fabric.

• Digital Signal Processing (DSP) Slices: Modern FPGAs integrate dedi-

cated DSP slices, which are hardened arithmetic logic units optimized for high-

performance signal processing tasks. For CNN acceleration, their most critical

function is performing Multiply-Accumulate (MAC) operations efficiently. A single

DSP slice can execute an integer multiplication and subsequent accumulation in a

single clock cycle with high performance and power efficiency. This makes them

indispensable for implementing the computationally intensive convolutional and

fully connected layers, which are fundamentally composed of a vast number of

MAC operations.

• On-Chip Memory Blocks: FPGAs feature dedicated on-chip memory blocks to

store data locally, enabling high-bandwidth access and reducing reliance on slower

off-chip memory. These come in two main forms:

– Block RAM (BRAM): These are relatively small, dual-port static RAM

blocks distributed throughout the FPGA fabric. Their dual-port nature allows

simultaneous read and write operations, making them highly effective for
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storing model weights, biases, and intermediate feature maps that need to be

accessed frequently within the dataflow.

– UltraRAM (URAM): Available on newer, high-end FPGA families, URAMs

are much larger, single-port memory blocks that offer a higher storage density

than BRAMs. While they lack the dual-port capability of BRAMs, their large

capacity makes them invaluable for storing the substantial parameter sets or

large activation volumes characteristic of modern, deep CNNs, especially 3D

models.

The strategic allocation and management of these diverse resources are central to the

design of high-performance, efficient FPGA-based accelerators, a theme that is explored

in detail in the subsequent chapters of this thesis.

FPGA Design Flow

Translating a hardware design into a bitstream, that can be loaded onto an FPGA is

a complex, multi-stage process known as the design flow. This process is computation-

ally intensive and explains the long compilation times associated with FPGA design

development. The primary stages include:

• Synthesis: The design, typically described in a Hardware Description Language

(HDL) like Verilog or VHDL (often generated from a High-Level Synthesis tool), is

translated into a netlist. This netlist represents the design as a collection of the

FPGA’s primitive resources (LUTs, FFs, DSPs, BRAMs) and the logical connections

between them.

• Placement: In this stage, each primitive element from the netlist is assigned a

specific physical location on the FPGA’s silicon die. This is a highly complex

combinatorial optimization problem, as the placement directly impacts the feasibility

and performance of the subsequent routing stage.

• Routing: After placement, the programmable interconnects of the FPGA are

configured to create physical wire connections between the placed components, real-

izing the logical connections defined in the netlist. This is another computationally

demanding optimization task, as the router must manage limited wiring resources

to meet timing constraints.
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• Bitstream Generation: Finally, the placed and routed design is converted

into a binary bitstream file that contains the full configuration data for every

programmable element on the FPGA.

The placement and routing stages are particularly time-consuming, often taking several

hours or even days for large and complex designs. This long compilation cycle makes it

impractical to iterate through many design variations by running the full flow for each

one. This reality strongly motivates the approach taken in this thesis: using accurate

performance and resource models to conduct an efficient Design Space Exploration (DSE).

By modelling the design’s behaviour, we can rapidly evaluate thousands of potential

configurations and identify promising candidates before committing to the lengthy process

of generating a final bitstream.

Single Engine Architectures

Single engine architectures are designed to optimise General Matrix Multiplication

(GEMM), a core operation in AI workloads, applicable in fully connected and convolutional

layers, which can be represented as matrix multiplication [58–62]. The core of single

engine architectures usually comprises a systolic array, which is a grid-like array of

processing elements (PEs), that enables parallel computations as depicted in Figure 2.11.

One can think of the entire systolic array as a single, powerful, and re-taskable math

engine. Each individual PE performs a fundamental task—typically a single Multiply-

Accumulate (MAC) operation. The entire array of PEs must work together to compute

the workload of a full CNN layer (e.g., a convolution). Once a layer is complete, the

engine is immediately re-tasked via software instructions to process the next layer,

reusing the exact same hardware. This approach is highly flexible, as the same engine

can be instructed to compute any layer type, but it processes the network one layer at a

time. Data flows through the array, with partial products accumulating as they traverse

the PEs. Input data and weights are typically stored in on-chip buffers, reducing the

latency associated with off-chip memory accesses and improving overall computational

throughput.

One of the defining characteristics of single engine architectures is their ability to

generalize across a wide range of convolutional neural network (CNN) models. This adapt-

ability is made possible through flexible scheduling mechanisms and software-controlled

operations. Each CNN corresponds to a unique sequence of hardware-executable mi-

croinstructions, allowing the same underlying hardware architecture to be configured
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Fig. 2.11 Single engine architecture, in the form of a systolic array, for FPGA-based
DNN acceleration, featuring a grid of Processing Elements (PEs), on-chip buffers for
weights, feature maps, and outputs, communicating with the off-chip memory for data
loading and offloading.

and adapted to different CNN workloads. Domain-specific instruction sets and dedicated

compilers have also been developed to streamline hardware control and facilitate efficient

scheduling [63, 64].

Despite these advantages, single engine architectures still have some limitations. They

are designed as a one-size-fits-all solution, prioritising adaptability over task-specific

customisation. This flexibility often leads to inefficiencies, as the design becomes memory-

bounded since the memory interface cannot deliver data at the rate the single engine can

process, resulting in underutilized hardware. Moreover, the control mechanisms, similar

to those of a CPU, often cause additional inefficiencies.

Single engine architectures on FPGAs strike a balance between flexibility and efficiency,

providing a scalable and reusable solution for a wide range of DNN workloads. Their
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ability to execute DNN layers sequentially and adapt to various models makes them a

versatile choice, though their memory-bounded nature highlights the trade-offs inherent

in their design.

Streaming Architectures

Streaming architectures represent a distinct paradigm for FPGA-based acceleration,

designed to achieve high throughput and efficiency by leveraging deeply pipelined hardware

architectures. Unlike single engine architectures that reuse the same hardware for

each layer, streaming architectures map the layers of a CNN model directly onto the

FPGA fabric. This creates a dedicated, custom hardware block for each layer (or a

small group of layers), as shown in Figure 2.12, forming a coarse-grained pipeline that

mirrors the network’s structure. The computations of each layer are overlapped via

this deep pipelining. As one piece of data (e.g., the first few rows of a feature map)

finishes processing in the hardware block for Layer N , it is immediately “streamed”

to the hardware block for Layer N + 1. At the same time, the hardware for Layer N

begins processing the next piece of incoming data. This allows multiple layers to be

computationally active simultaneously on different parts of the data. This high degree of

overlap is what ensures data flows continuously through the hardware, minimizing the

need for repeated off-chip memory accesses [65]. Only the input to the first layer and the

output of the final layer interact with the off-chip memory, while intermediate results are

passed directly between consecutive layers within the architecture. This greatly reduces

off-chip memory bandwidth requirements, addressing a major limitation of single engine

architectures. However, this advantage comes at the cost of increased on-chip memory

usage, as the pipeline requires the parameters for each layer to be present in the on-chip

memory. Efficiently managing this on-chip memory is one of the primary challenges of

implementing streaming architectures.

Streaming architectures are inherently model-specific, with each hardware block

optimized for the unique computational requirements of its corresponding CNN layer.

This customization allows streaming architectures to exploit layer-specific parallelism

and achieve state-of-the-art performance for fixed models. However, the trade-off for this

efficiency is reduced flexibility; streaming architectures are typically tailored to a specific

application or model and are less suited to handling diverse workloads. Additionally,

generating these architectures often involves lengthy compilation processes, as a new

bitstream must be created for each target model since a dedicated hardware architecture

is created for each specific model. Consequently, the hardware is not reusable across
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Fig. 2.12 Streaming architecture for FPGA-based DNN acceleration. The pipeline
processes data across dedicated hardware blocks optimized for individual DNN layers
(e.g., convolution, activation, pooling), leveraging layer-specific parallelism. Weights are
managed in on-chip memory, while off-chip memory handles the data transfer to and
from the first and last layers.

different models, and any change to the network architecture requires a full recompilation

to generate a new bitstream.

Recent advancements have focused on addressing these challenges and enhancing

the performance of streaming architectures. For example, PASS [66] leverages data

sparsity by skipping zero multiplications, a technique controlled by either compile-time

or run-time scheduling, while ATHEENA [67], introduces a toolflow for automating the

mapping of early-exit networks to FPGA platforms.

Several automated toolflows have been developed to address the complexity of de-

signing streaming architectures and optimize their performance. Tools like FINN [23],

fpgaConvNet [24], DeepBurning [68], HLS4ML [26], FlexCNN [69], and HPIPE [25]

enable the automated generation of streaming architectures. These frameworks have

introduced various innovations, such as binarized neural network (BNN) optimizations

in FINN, mixed-precision quantization in DeepBurning, weight sparsity exploitation

in HPIPE skipping zero multiplications to improve performance, and multi-bitstream

architectures in fpgaConvNet. Such toolflows emphasize optimizing computation engines

and integrating efficient memory management techniques, including data buffering and

streaming interfaces, to maximize throughput and minimize on-chip memory overheads.
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While the bespoke nature of streaming architectures limits their flexibility, it also

unlocks significant performance gains, making them a powerful solution for accelerating

fixed DNN models. By implementing a pipeline of heterogeneous hardware blocks tailored

to specific layers, these architectures offer unparalleled efficiency and throughput for

deep learning tasks on FPGA platforms. Nonetheless, the challenges of increased on-

chip memory demands and longer compilation times highlight the trade-offs involved in

adopting this architectural approach.

fpgaConvNet Toolflow

The foundational concepts introduced by fpgaConvNet, such as Synchronous Dataflow

(SDF) modelling, design space exploration (DSE), and multi-bitstream architectures,

have served as the basis for the methodologies and strategies proposed and developed

in this thesis. This subsection highlights fpgaConvNet’s pivotal role as a precursor to

this work, establishing how its principles have shaped and inspired the advancements

presented in FPGA-based deep learning acceleration.

The fpgaConvNet toolflow [70, 71, 24] is a comprehensive framework designed to

automate the process of mapping CNNs onto FPGAs. The primary inputs to the toolflow

are a high-level description of a trained CNN model (typically in ONNX format), the

hardware specifications of the target FPGA platform, and the optimisation target (e.g.

throughput, or latency). The main output is a synthesizable hardware design, generated

as High-Level Synthesis (HLS) C++ code, which can then be compiled into a bitstream

for FPGA deployment. A high-level description of the toolflow, its different parts and

the connections between them is show in Figure 2.13.

FpgaConvNet employs a streaming architecture that assigns dedicated hardware

blocks to each layer of the CNN, constructing a coarse-grained pipeline that reflects the

model’s dataflow. A key innovation that distinguishes fpgaConvNet is the introduction

of multi-bitstream designs, which allows it to partition large CNN models across multiple

hardware configurations and overcome the challenges of mapping entire models onto a

single FPGA configuration.

At the core of fpgaConvNet lies the Synchronous Dataflow (SDF) [72] model, a

computational framework widely used for parallel systems. The SDF model facilitates

accurate representation and optimisation of CNN workloads. Under this paradigm,

CNN layers are represented as nodes in a directed acyclic graph, with arcs representing

data streams. A-priori knowledge of data production and consumption rates, obtained

via analytical performance modelling for each layer, enables static scheduling, hence
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Fig. 2.13 The flow starts with a high-level description representation of the neural network
model, converted to an intermediate DAG representation (IR). The IR is mapped to
a hardware-level SDFG, with Design Space Exploration (DSE) optimizing hardware
configurations based on platform constraints and specifications. The process generates
synthesisable Vitis HLS code for FPGA deployment.

permitting performance optimisations at compile time. This systematic approach enables

fpgaConvNet to explore the design space through algebraic transformations, tuning

performance-resource trade-offs to produce efficient hardware mappings.

From an HLS perspective, the toolflow is built upon a library of highly configurable

C++ templates, with each template corresponding to a specific CNN layer type (e.g.,

convolution, pooling, activation). The DSE process determines the optimal configuration

for these building blocks by adjusting their compile-time parameters, such as parallelism

factors (coarse-grain and fine-grain folding), to find the best performance-resource trade-

off for the specific model and target device.

In the multi-bitstream design methodology, CNN models are partitioned into segments,

with each segment executed on a specific hardware configuration. This division is

especially advantageous for complex and deep models that exceed the resource utilisation
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of a single FPGA device. Leveraging FPGA reconfigurability, fpgaConvNet supports

larger models that would otherwise be impossible. Data flows sequentially through these

configurations, with the FPGA being reconfigured between segments. Although this

results in a time penalty from the reconfiguration overhead, the penalty can be amortized

by employing larger batch sizes, making the approach suitable for throughput-oriented

applications.

Another important characteristic of fpgaConvNet is its ability to balance performance

and resource utilisation via iterative design space exploration (DSE). The DSE process

systematically applies transformations on the Synchronous Dataflow Graph (SDFG),

tweaking the parallelisation of each CNN layer while continuously optimising the model’s

overall performance. This iterative method ensures that total resource utilisation stays

within the limits of the FPGA device. The exploration continues until the performance

criteria are satisfied or the optimisation method converges, ensuring an efficient and

resource-aware hardware implementation.

2.3 Human Action Recognition

Human Action Recognition (HAR) is a research area in computer vision, concentrating

on the detection and categorisation of human actions from video data. It entails

understanding the complex and dynamic motion patterns that define motions like walking,

running, or gesturing by analysing spatiotemporal features from visual inputs [73–75].

HAR has been used in a variety of applications across various domains. In healthcare, it

is utilised for patient monitoring, rehabilitation, and elderly care [76], where movement

recognition can facilitate fall detection or recovery progress tracking. In smart surveillance

systems, HAR improves security by detecting abnormal behaviours [77]. In sports

analytics, it offers significant insights by autonomously categorising and analysing player

activities [78, 79]. The advancement of HAR systems depends on advanced machine

learning methodologies, especially deep learning models. Due to the increasing demand

for processing 3D data, including video streams and volumetric data from sensors, 3D

CNNs have emerged as the primary method for extracting spatial and temporal features,

hence enhancing the capabilities of HAR. This section explores the architectural styles,

methodologies, and evaluation metrics in HAR systems.
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2.3.1 Human Action Understanding

The categorisation of human activities based on their complexity spans four key categories:

gestures, actions, interactions, and group activities. Gestures involve fundamental

movements of individual body parts, such as waving or pointing. Actions represent more

complex behaviours, like walking or jumping. Interactions require the participation of at

least two individuals, involving coordinated or responsive actions or interactions between

an individual and an object, while group activities involve collaborative or simultaneous

actions performed by larger groups of people. Human action understanding encompasses

a range of tasks [75], including action recognition, temporal action localization, spatio-

temporal action detection, and action prediction, each addressing different aspects of

interpreting human behaviours in dynamic contexts. The ordering of these tasks also

reflects an increasing level of complexity and challenge, driven by the need for more

sophisticated solutions that integrate and combine multiple models and modules to

capture, localise, and predict the human actions.

• The primary goal of Action Recognition is to accurately classify human actions

to a predefined set of action classes within short, trimmed video clips, typically

lasting only a few seconds. Trimmed videos are pre-processed video segments that

focus exclusively on the target actions of interest, excluding irrelevant background

activity. Various approaches and models have been proposed in the literature to

tackle this challenge, including Video Masked AutoEncoders [80], X3D [6], Video

Swin Transformer [81], and other state-of-the-art methods like UniFormerV2 [82],

TSM [83], and SlowFast Networks [42] that are based either on vision transformers

or 3D CNNs.

• The task of Temporal Action Localisation (TAL) entails localising the tempo-

ral boundaries and classifying actions within each instances in long, untrimmed

videos, which can span several minutes. Untrimmed videos include not only the

target actions but also unrelated background activity. To tackle this complex

problem, researchers have introduced novel approaches such as ActionFormer [84],

TALLFormer [85] utilising vision transformers, and R-C3D [86] employing 3D

CNNs.

• The task of Spatio-Temporal Action Detection introduces the additional

challenge of precisely localising the specific regions within images where actions

occur in each frame. This involves identifying both the spatial location and the
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temporal occurrence of actions in a video clip, as well as classifying the actions

themselves. It requires accurate detection of the actors in the scene and their

corresponding actions. Notable contributions in this field include works such as

Tube Convolutional Neural Network (T-CNN) [87], Actor-Context-Actor Relation

Network [88], MovingCenter Detector (MOC-detector) [89], and STEP [90].

• Action prediction/anticipation focuses on the task of predicting the expected

outcomes of human actions using temporally incomplete video data. This involves

anticipating the future actions or events based on the observed actions up to a

certain point in time. Notable references in this area include ImagineRNN [91],

Rolling-Unrolling LSTM [92], and Time-conditioned One-shot Anticipation using

Attended Temporal Feature and Skip Connection (TOS AF SC) [93].

All modern approaches for addressing the four primary categories of human action

understanding rely on features extracted by Deep Neural Network (DNN) models. These

models serve as a foundation, providing rich spatiotemporal representations that are

subsequently used for various downstream tasks. This thesis focusses on Human Action

Recognition (HAR), however the backbone architectures and methodologies explored for

feature extraction are versatile, making them applicable to other categories of human

action understanding.

2.3.2 Architecture Styles for HAR

The remarkable success of Convolutional Neural Networks (CNNs) and vision transformers

(ViTs) in computer vision tasks has motivated researchers to explore their application to

video understanding. However, the utilisation of either CNNs or ViTs in video analysis

poses several challenges that need to be addressed. These challenges include incorporating

the temporal dimension, managing the increased complexity and memory requirements of

algorithms, obtaining large-scale datasets with accurate annotations, accommodating the

need for additional processing power, and coping with longer development cycles. In spite

of these challenges, numerous studies have pushed the limits and attained remarkable and

highly promising outcomes. To accommodate the extra temporal dimension, traditional

CNN and ViT models have been extended with specialised modules or architectures

capable of capturing and analysing this additional dimension. The main Deep Neural

Network (DNN) architecture styles that have emerged for the task of HAR, can be

classified into the following categories:
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• 2D CNNs with Temporal Modelling: One well-studied approach is the in-

corporation of temporal information in video analysis through the utilisation of

2D CNNs with temporal modelling techniques. Early works explored the use of

LSTMs on top of 2D CNNs to aggregate and capture temporal information in

videos [94, 95]. Another approach is the utilization of temporal pooling as an

alternative solution to address the problem. These methods often introduce special-

ized or irregular building blocks within 2D CNN architectures to capture temporal

dynamics [83, 96]. While these models are computationally and memory-wise less

demanding compared to 3D CNNs, their performance tends to be inferior to them.

• 3D CNNs: The utilisation of 3D CNNs provides a direct approach for capturing

temporal information in video analysis. By applying 3D convolutions to stacked

frames sampled from a video, these networks can effectively model the motion

dynamics over a specific time period. Notable works, such as R(2+1)D [97]

and SlowFast [42], have demonstrated impressive performance with such models.

However, they often come with a significant computational and memory cost

due to their large number of parameters and heavy workloads. To address these

issues, researchers have started to focus on developing more lightweight 3D CNN

architectures, such as X3D [6] and MoViNets [98], which offer comparable or even

superior performance with reduced computational requirements. Despite these

advancements, the computational and memory demands of even lightweight 3D

CNNs remain high, posing challenges for real-time applications.

• Vision Transformers: Building upon the remarkable success of the Trans-

former [10] architecture in the computer vision domain [99], Bertasius et al. [100]

have extended its application to the video domain proposing a convolution-free

approach based solely on self-attention over space and time. This breakthrough has

sparked significant interest, leading to recent works that focus on vision transformers

and achieve promising and state-of-the-art results, as demonstrated in various works

such as Liu et al. [81], and Fan et al. [101]. However, it is important to note that the

impressive performance of vision transformers comes at a significant computational

cost. Most of these models require extensive computations, which may limit their

practical deployment in real-world scenarios. For instance, the TubeViT-L [102], a

state-of-the-art vision transformer model, has a computational workload of approx-

imately 794 million MACs. In comparison, the X3D-XXL [6], the largest model

in the X3D family of 3D CNNs, requires only 194 million MACs—making the
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workload of TubeViT-L nearly four times greater. Figures 2.14 and 2.15 provide

further insights into the differences between vision transformers and 3D CNNs.

• Multi-Stream Networks: By employing multiple models, whether they are 2D,

3D or ViT, the goal is to capture both spatial and temporal information simul-

taneously. These architectures often consist of two separate streams: one stream

focuses on spatial features using still images, while the other stream incorporates

optical flow, motion vectors, or other semantic information to capture temporal

features. The outputs from all streams are then fused to generate the final classi-

fication results. While these models have achieved impressive performance, they

pose challenges in terms of computational complexity, and resource requirements.

Incorporating additional semantics alongside RGB information in multi-stream

architectures can provide performance improvements for 2D, 3D, and ViT mod-

els. However, this enhancement comes at the expense of increased computational

complexity and memory requirements.
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Figures 2.14 and 2.15 showcase the increased and ongoing interest, as well as the rapid

evolution and advancements of neural network model architectures for the vision-based

human action recognition task. The Pareto front of accuracy over GFLOPs evolves and

pushes forward every year, as evidenced by the four coloured lines (blue, red, green, and

magenta) in two of the most widely used evaluation benchmarks, Kinetics-400 [103] and
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Something-Something-V2 [104]. The bottom-left part of the Pareto is dominated by 3D

CNN models, whereas the top-right one is dominated by vision transformer [99] networks.

This provides a solid understanding of the characteristics of the two architecture styles.

On one hand, Vision transformers accomplish higher levels of accuracy but at the expense

of a significantly increased computation cost in GFLOPs. 3D CNNs, on the other hand,

strike a remarkable balance between performance and computational cost, providing

solutions with orders of magnitude fewer GFLOPs, encompassing both memory and

execution time considerations. Among other HAR benchmarks, the Kinetics-400 and

Something-Something-V2 datasets presented here are further discussed and analysed in

the following Section 2.3.3.

2.3.3 Evaluation Process and Public Benchmarks

The evaluation of Human Action Recognition (HAR) models begins with the conversion

of unprocessed video data into a structured input format compatible with the neural

network’s input. Given a video comprising a continuous sequence of M frames, K frames

are sampled using a sampling rate R to represent the spatiotemporal content of the video.

This sampling method aims to preserve essential temporal information as accurately as

possible while reducing computational complexity. Figure 2.16 illustrates the aggregation

of the sampled frames to form a compact representation, which serves as the input (clip)

to the 3D CNN model.
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The sampling strategy and the total number of sampled frames are critical components

of the pre-processing of input video data. The sample rate affects the capacity of the

model to interpret longer videos, as sparse sampling may neglect important temporal

dependencies. On the other hand, a denser sampling increases the model’s computational

complexity owing to the increased number of frames at the model’s input. Consequently,

these parameters are carefully examined in the design and optimisation of HAR models

from a machine learning perspective, as they represent important trade-offs between

accuracy and efficiency. This thesis is not focused on investigating or improving sampling

strategies or frame selection; rather, it considers those as fixed derived from the original

model architectures used in the experiments.

The deployment of HAR models typically involves generating multiple new video

clips from a single input video. A “clip” in this context refers to a shorter segment of the

original video, defined by temporal cropping, spatial cropping, or a combination of both.

First, a set of temporal clips (Ct) is created by shifting a fixed time window throughout

the duration of the original video. Additionally, a set of spatial clips (Cs) is generated by

cropping different areas from each frame of the original video. This results in a total

of |Ct| × |Cs| clips, each of which is passed individually through the HAR model. The

final prediction for the original video is obtained by averaging the predictions of all

|Ct|× |Cs| clips. It is common that the evaluations use a fixed number of 10 temporal and

3 spatial clips per input, so the total computational cost scales proportionally, making

the inference-time during the evaluation of the model cost 30 times the MACs required

for a single clip.

3D CNN models accept as input the clip(s) structured as a tensor with dimensions of

[B,F,C,H,W ], where B denotes the batch size (e.g. the total number of clips |Ct|×|Cs|),

F is the number of frames per clip, C represents the number of channels (e.g., 3 for

RGB), and H and W correspond to the height and width of each frame in each clip.
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This structured format allows the model to extract both spatial and temporal features,

enabling accurate recognition of dynamic actions over time.

HAR Benchmarks

Human Action Recognition (HAR) has been extensively evaluated using a variety of

widely adopted benchmarks. Among the most prominent ones is the Kinetics [103]

dataset, available in three versions, Kinetics-400, Kinetics-600, and Kinetics-700, that

provides a large-scale collection of video clips annotated with diverse action labels,

making it a standard benchmark for general action recognition tasks. The Something-

Something [104] dataset, with its two versions (V1 and V2), focuses on fine-grained

action recognition involving object interactions. UCF101 [1] and HMDB51 [105] are

traditional benchmarks consisting of relatively smaller datasets that have played a pivotal

role in early HAR research, offering a mix of actions performed in real-world scenarios.

Moments-in-Time [106] provides a large-scale dataset for recognizing short actions and

events, generalizing across a wide variety of categories involving people, animals, objects

and even natural phenomena. Charades [107] introduces a multi-label dataset that

focuses on everyday activities captured in home settings. Lastly, the AVA (Atomic

Visual Actions) [108] dataset, available in two versions (V2.1 and V2.2), is tailored for

spatio-temporal action detection, requiring models to identify and localize actions at the

frame level.

Evaluation Metrics for HAR Benchmarks

Evaluation metrics play a crucial role in assessing model’s performance on these bench-

marks. For Kinetics, Something-Something, UCF-101, HMDB51, and Moments-in-Time

datasets, Top-N accuracy is the primary metric, typically focusing on Top-1 and Top-5

accuracies. Top-1 measures how often the model’s top prediction matches the ground

truth, while Top-5 evaluates if the correct label is among the top five predictions of

the model, addressing cases with multiple plausible actions. For Charades and AVA

datasets, Mean Average Precision (mAP) is used, as it evaluates precision-recall

performance for each class while considering classification accuracy and temporal or

spatial localization. mAP is particularly suited for multi-label tasks and spatio-temporal

detection, offering a more detailed assessment of model performance.
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2.4 Overview of 3D CNN HAR Accelerators

The acceleration of 3D CNNs on FPGA platforms has drawn research interest in recent

years, due to increasing demands for high-performance solutions in tasks like human action

recognition (HAR). However, this topic remains relatively under-explored compared to

2D CNN accelerators, with a limited number of works targeting 3D CNNs explicitly.

This section reviews the state-of-the-art 3D CNN FPGA accelerators, discussing their

limitations, and highlighting how this thesis addresses these gaps.

2.4.1 Early Efforts and Advanced Optimisation Strategies

Early Efforts in FPGA-Based 3D CNN Acceleration:

Most early works in this field have focused on relatively outdated models such as the

C3D [3], whose simplistic architecture, which can be compared to the architecture

complexity of AlexNet [11] in the 2D domain, limits its performance compared to modern

state-of-the-art models such as X3D [6] and SlowFast [42]. For instance, Fan et al. [109–

111] introduced a series of works on 3D CNN acceleration for HAR on FPGAs. In their

initial work [109], they proposed F-C3D hardware architecture for the acceleration of

C3D [3], which is capable of supporting multiple 3D convolutional layers and design

strategies for overcoming the challenges associated with 3D CNNs, such as increased

computation and memory requirements, while also allowing their design to be ported

to other FPGA devices. In their subsequent work [110], they extended this with an

analytical model and a tool for optimising the hardware architecture based on the device

specification and accuracy requirements, as well as the use of block floating point (BFP)

arithmetic precision to minimise accuracy loss and the need for retraining the model. In

their most recent publication [111], they proposed E3DNet, an efficient 3D CNN based

on their proposed 3D-1 bottleneck building block. Their hardware implementation of

E3DNet, called F-E3D, is capable of real-time performance at a latency of 35.3 ms per

clip, while achieving 85.1% Top-1 accuracy in the UCF101 [1] benchmark. While effective

this approach falls short in terms of accuracy in UCF101, over 13pp, compared to the

current state-of-the-art model by H. Duan et al. [112].

Liu et al. [113] similarly targeted the C3D model, proposing a unified hardware

architecture for 2D and 3D CNN acceleration based on their observation that the

computing patterns of 2D and 3D CNNs are similar. Their aim was to convert the

CNN convolutions to matrix multiplication operations, paying close attention to memory
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optimisations in order to overcome the difficulties of feature map replications. Additionally,

they employed an analytical model to configure the accelerators for optimal resource

use. Shen et al. [2] followed a similar approach, developing a unified template-based

architecture based on the Winograd [114] algorithm capable of handling both 2D and 3D

CNNs. Additionally, they developed an analytical technique for efficiently exploring the

design space for mapping 2D and 3D CNNs on FPGA accelerators. Both approaches,

however, were limited to the relatively simple C3D model and did not evaluate more

modern and computationally intensive architectures.

Advances in Optimisation and Design Space Exploration:

T. Teng et al. [115] proposed a design space exploration strategy for optimising memory

access in 3D CNN models accelerated on FPGAs. The authors proposed a non-overlapping

data tiling method for off-chip memory access and explored on-chip data reuse using

different loop ordering strategies. They further proposed a hardware architecture that

can support these strategies. Their work achieved state-of-the-art performance on the

C3D model but did not evaluate more complex architectures. Sun et al. [116] used a

blockwise pruning approach to apply weight pruning to two distinct 3D CNN architectures,

namely C3D and R(2+1) [97]. Their hardware design, which is based on the Alternating

Direction Method of Multipliers (ADMM), together with the suggested pruning approach,

enables the acceleration of 3D CNNs with low accuracy loss when compared to their

unpruned form. Khan et al. [117] extended the scope of 3D CNN acceleration to more

modern architectures, targeting the I3D [41] model, a 70-layer deep neural network. They

adjusted the feature-map word lengths and weights in a pre-trained model, which reduced

its complexity without affecting its accuracy. They proposed a data tiling technique that

utilises all four dimensions of video data and improves memory bandwidth while reducing

DRAM accesses. Based on these optimisations, the proposed FPGA accelerator achieves

684 GOPs/s for 32-bit floating point and 1.29 TOPs/s for 8-bit integer implementations

with a 2% accuracy drop.

To further elaborate on the discussion of state-of-the-art works, Figure 2.17 illustrates

the Pareto front of Top-1 accuracy (%) versus throughput (clips/s) for FPGA-based 3D

CNN accelerators on the UCF101 HAR benchmark. This visualisation highlights the

trade-offs achieved by various approaches, where marker colours denote the targeted 3D

CNN models, and marker shapes represent the FPGA platforms.
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2.4.2 Limitations of Existing Approaches

The majority of existing works have focused heavily on the C3D [3] model, introduced

in 2013, and whose architecture comprises of eight convolutional layers and lacks the

complexity and depth of modern state-of-the-art HAR models. C3D’s relatively low

accuracy (85.2% on UCF101 compared to the current state-of-the-art’s 98.6%) highlights

the limitations of these designs in meeting the demands of modern applications. Moreover,

the focus on rather simplistic model architectures has left a gap in addressing the

challenges posed by more advanced 3D CNNs, such as X3D [6] and SlowOnly [42], which

feature significantly deeper and more complex architectures. These models can span up

to 200+ layers deep, having complex structures like branches and even nested branches,

as seen in X3D. Additionally, their skip connections can reach up to 15 layers, adding

further challenges to their design optimisation and memory management.

Most of the existing approaches are model-specific, with designs tailored to individual

3D CNN architectures such as C3D, R(2+1)D, or I3D, raising concerns about their

scalability and adaptability to other models. It remains unclear how these solutions could

generalize to support a broader range of architectures. Additionally, there is a notable

lack of toolflows capable of automating the mapping and optimisation of diverse 3D
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CNN models across various FPGA platforms, posing a significant challenge to the wider

adoption and practical deployment of FPGA-based 3D CNN accelerators in real-world

scenarios.

2.4.3 Contributions of This Thesis

This thesis addresses the limitations of existing approaches by presenting significant

advancements in the design and deployment of FPGA-based 3D CNN accelerators. While

prior works have mainly focused on specific models like C3D, this research introduces

a toolflow capable of supporting a broad spectrum of 3D CNN architectures. Notably,

it targets modern state-of-the-art models such as SlowFast (2020) and X3D (2020),

delivering improvements of 20.35pp and 21.4pp in Top-1 accuracy on the Kinetics-400

benchmark, respectively, compared to C3D. The proposed toolflow enables automated

mapping and optimisation across different FPGA platforms, facilitating scalability and

flexibility, while being able to produce either throughput (Chapters 4 and 5) or latency

(Chapter 6) oriented designs. Furthermore, this thesis presents novel design techniques

that achieve a balance between throughput/latency, and FPGA resource utilisation. These

advancements are driven by a finely-tuned design space exploration, that thoroughly

explored the trade-offs between performance and resources, providing optimal solutions.

By focusing on a more generalisable and automated solution, this research expands the

applicability of FPGA-based accelerators to diverse and more complex CNN architectures,

establishing a robust foundation for high-performance and CNN acceleration in real-world

applications.





Chapter 3

Embarking on the Acceleration

Journey: A Primer on FPGA-Based

3D CNN Model Optimisation

3.1 Introduction

In this chapter, we investigate the optimisation of mapping and deploying 3D Convo-

lutional Neural Networks (3D CNNs) on Field-Programmable Gate Arrays (FPGAs),

with an emphasis on addressing their inherent computational and memory challenges.

Building upon the foundational understanding of 3D CNNs established in previous

chapters, we delve into the specifics of mapping X3D, a state-of-the-art model in Human

Action Recognition, onto FPGA devices. Achieving a remarkable 95.5% accuracy on

the UCF101 [1] benchmark, the X3D model is an excellent example of the potential and

complexity of 3D CNNs. Our proposed solution generates a streaming-based hardware

architecture of X3D that takes into account the target FPGA’s available resources,

specifically optimized to maximize throughput. While this chapter focuses on targeting

the functional blocks of the X3D model, the proposed approach can be considered as a

more generic tool. In the subsequent chapters, this work will expand its scope to address

a broader range of 3D CNN models, demonstrating its versatility and adaptability. The

work of this chapter pioneers the deployment of sophisticated 3D CNN architectures

for Human Action Recognition on FPGA platforms, thereby opening new avenues for

real-world applications in resource-constrained environments.
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In recent years, two-dimensional Convolutional Neural Networks (2D CNNs) have

demonstrated exceptional performance in image-related tasks. However, the growing focus

on video-related applications, such as video surveillance, autonomous vehicles, and patient

monitoring, necessitates the development of algorithms that take into consideration the

temporal domain. Three-dimensional CNNs (3D CNNs) are regarded as a viable approach

for dealing with video and volumetric data, as they can cope with an extra dimension,

such as time or depth, and enhance their learning capacity by extracting features linked

to this additional dimension.

In the specific task of human action recognition (HAR), 3D CNNs have demonstrated

exceptional performance. By interpreting human motion across video frames, 3D CNNs

can detect a variety of human actions without the need for dedicated time-domain

techniques like Long Short-Term Memory networks (LSTMs) [118]. As illustrated in

Figure 3.1, 3D CNNs dominate the Pareto front in the widely-used HAR benchmark,

Kinetics-400 [103], although the recent emergence of vision transformers is beginning to

challenge this dominance. However, these transformers architectures require orders of

magnitude more GFLOPs to operate, a trade-off that can only be tolerated in scenarios

with access to substantial computational resources.

Despite their capabilities, the additional dimension in 3D CNNs often results in even

greater computational and memory demands compared to 2D CNNs. To mitigate the

high processing requirements of both 2D and 3D CNNs, various hardware devices such as

GPUs, FPGAs, and ASICs have been employed. FPGAs, in particular, stand out as an

attractive acceleration platform due to their flexibility, energy efficiency, and adaptability

to rapidly evolving 2D and 3D CNN model designs.

Previous FPGA-based acceleration efforts for 3D CNN models have primarily focused

on models like C3D and R(2+1)D, which either have not been evaluated or fall short of

the Pareto front in recent benchmarks such as Kinetics-400, as show in Figure 3.2. In

contrast, this chapter presents an FPGA architecture for X3D, a 3D CNN model that sits

on the Pareto front of accuracy versus the number of parameters. The proposed approach

building upon and expanding fpgaConvNet, employs an automated optimisation process,

applying transformations to the Synchronous Data Flow (SDF) graph to explore the

broad design space of X3D within a streaming architecture, tailored to the target FPGA

platform’s resources. The key contributions of this chapter include:

• Extending the SDFG model, as previously described in Section 2.2.3, to capture

the performance requirements of mapping 3D CNNs onto streaming architectures

by defining and incorporating X3D layers as hardware building blocks, with a
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particular focus on handling irregular blocks with branching, which are prevalent

in modern 2D and 3D CNN models.

• Automating and optimising the mapping of the X3D model, a state-of-the-art

model for Human Action Recognition, to various FPGA devices, with a throughput-

oriented approach that accounts for available FPGA resources and memory band-

width characteristics.

• Implementing model-specific optimisations to improve the dataflow characteristics

of the X3D network, such as the use of prior batch statistics for global average

pooling (GAP) layers, resulting in higher performance designs with minimum

impact on the model’s accuracy.

The additional dimension in the feature maps of 3D CNNs significantly increases the

workload and computational complexity at each layer. As a result, current streaming-

based FPGA mapping approaches are insufficient to address these challenges. Existing

architectures, such as fpgaConvNet [24], HLS4ML [26], and FINN [23], have not tackled

the unique demands of 3D CNNs, and adapting them is far from straightforward. A new
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hardware design is required to efficiently process 3D tensors and execute 3D dot products

in a streaming fashion. This design must account for the increased on-chip memory

and buffering needs, as well as the higher off-chip memory bandwidth requirements,

which differ greatly from those of 2D CNNs, while ensuring scalability across the system.

Section 2.2 provides a more in depth discussion of the differences between 2D and 3D

CNN architectures. By addressing these challenges, this chapter aims to push the current

performance-accuracy Pareto front and enable the deployment of sophisticated 3D CNN

architectures for HAR on FPGA platforms, paving the way for their use in real-world,

resource-constrained environments.

3.2 Background

To fully comprehend the innovations and optimisations introduced in this chapter, it

is essential to dive deeper into the X3D model family. In this section, we will look

at the fundamental concepts, architectural innovations, and performance benchmarks

that define the X3D model family, laying the groundwork for understanding subsequent

FPGA-based optimisation strategies. The X3D model family of efficient 3D CNN models

was originally proposed by C. Feichtenhofer [6] in 2020. The authors have created various
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model configurations by stacking different number of layers to create bigger blocks,

following the ResNet [9] structure paradigm. The core block of the X3D models family is

depicted in Figure 3.3. The model designs in the family range from X-Small (X3D-XS)

to XX-Large (X3D-XXL), depending on the computational complexity, number of core

layers, input volume size, and number of parameters. The computational complexity of

the X3D-XS is 0.6 GFLOPs, whereas the computational complexity of the X3D-XXL is

143.5 GFLOPs. A more detailed view of the X3D model variants can be seen in Table 3.1

below. The table display the top-1 classification accuracy (percentage) alongside the

computational complexity, measured in gigaflops (GFLOPs), which represents the number

of floating-point operations (multiply-adds × 10^9) for a single clip input. The definition

of a “clip” and the evaluation procedure followed for assessing HAR models are discussed

in Section 2.3.3 of Chapter 2. The number of model parameters ranges from 3.76 M

to 20.3 M. The X3D models have excelled in many HAR benchmarks, including the

Kinetics-400 (80.0%), Kinetics-600 (81.9%), and Charades [107] (47.1%).

Table 3.1 Variations of the X3D model evaluated on the K400-val dataset using 10-centre
clip testing. Original table information from [6].

Model
top-1 (%)

@ K400-val
FLOPs

(G)
Params

(M)
X3D-XS 68.6 0.60 3.76
X3D-S 72.9 1.96 3.76
X3D-M 74.6 4.73 3.76
X3D-L 76.8 18.37 6.08
X3D-XL 78.4 35.84 11.0
X3D-XXL 80.0 143.5 20.3

Fig. 3.3 X3D model main building blocks consisting of a series of 3D convolutions, 3D
batch normalisation layers, non-linear activations, and specialised blocks like Squeeze
and Excitation and Swish activations.

We have identified and analysed all the primitive modules that are necessary to build

up the X3D blocks. As can be seen in Figure 3.3 these modules are the 3D Convolution

(Depthwise and Pointwise), Activation operations (Sigmoid, Swish and ReLu), Squeeze

and Excitation (which we defined as a primitive module, although it is a combination
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of other modules), 3D Batch Normalisation, and any kind of element-wise operation

like addition, multiplication, etc. More detailed information regarding these primitive

modules have been provided in Sections 2.1.1 and 2.1.2, apart from the Squeeze and

Excitation and Fully Connected, which we describe below:

• Squeeze and Excitation. Hu et al. [48] first introduced the idea of Squeeze and

Excitation (SE) trying to better capture the relationship between channels and

allow information to be passed from the global receptive field to all the layers. The

input of this module is passed through the squeeze part, i.e. a Global Average

Pooling module. This is followed by the excitation part, which comprises two

Fully Connected (FC) modules accompanied by their activation operations where

the former reduces the dimensionality while the later increases it back to the

dimension of the squeeze operation. The final output of the SE is obtained by

multiplying the result of the excitation part with the original input of the module

with broadcasting, and so the dimensions of the output match those of the input.

The number of parameters this modules holds depends only on the parameters of

the two FC modules. In X3D models the FC modules are implemented as pointwise

3D convolutions with the weight matrix of the FC translated as the input and

output channels of the 3D convolution.

• Fully Connected. In order to obtain the final classification, fully linked or dense

layers are commonly utilised as the last layers of CNN models. Although their

computational complexity is much lower than those of the convolutional layers,

they hold a lot of parameters thus they require higher memory for the weights.

Given an input (Sin) of shape 1× I, and a weights matrix (Weights) of shape I ×O,

the output (Sout) shape of a FC operation would be 1×O. Mathematically each

value of the output can be calculated as follows:

Sout[o] =
I

∑

i=1

Sin[i] ∗Weights[o][i] (3.1)

The computational complexity of the Fully Connected operation is equal to 2×I×O,

while the number of learnable parameters is equal to I ×O.

The main focus of this part of the work is the X3D-M, a model with a computational

complexity of 6.2 GFLOPs, 3.76 million parameters, that receives at its input a sequence

of 16 RGB frames with spatial dimensions of 256× 256. It achieves an accuracy of 76.0%
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on Kinetics-400, 78.8% on Kinetics-600, and 96.5% on UCF101. X3D-M consists of

244 distinct layers, including depthwise and pointwise 3D convolutional layers, various

activation functions such as Sigmoid, Swish, and ReLU, 3D global average pooling

layers, and fully connected layers. We selected X3D-M from the family of X3D models

because, while it shares the same type of layers and overall architecture as the other

models in the X3D family, it offers a balanced trade-off between performance and

computational workload. With a moderate number of layers, GFLOPs, and parameters,

X3D-M strikes the right balance between accuracy and efficiency, making it better suited

to the computational scale of our target FPGA platform. This middle-scale model aligns

well with the hardware constraints while maintaining competitive performance in action

recognition benchmarks.

3.3 FPGA-based Modelling of 3D CNNs

This following sections describe the proposed strategy for representing the 3D CNN-based

X3D model architecture at intermediate and hardware-level representations, following

the main principles and general flow structure of fpgaConvNet as detailed in section 2.2.3.

The solution begins by taking as input the high-level description file of the X3D model

in PyTorch or ONNX format, and capturing the parameters of each layer in a Directed

Acyclic Graph (DAG) along with the connections between the layers. Each of the sup-

ported network layers is mapped to a hardware building block equivalent that implements

its functionality at the hardware level. The Synchronous DataFlow Graph (SDFG) is

then built for the network by mapping the DAG nodes to their hardware equivalents

and adding them as nodes in the SDFG, as well as adding the connections between the

DAG nodes as arcs. Finally, the expected performance of a specific configuration of the

network’s SDFG nodes is estimated using the Synchronous DataFlow (SDF) computation

model. Venieris et al. [119] provide an excellent walk-through and a more in-depth,

practical example of this methodology in their section ‘’Synchronous Dataflow Modelling

for ConvNets”, demonstrating how SDF parameters relate to performance and data rate

balancing in a streaming architecture. A high-level description diagram of this flow is

presented in Figure 2.13. The following sections provide detailed descriptions for each

stage of the proposed solution’s workflow.
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3.3.1 DAG Representation

The translation of the high-level X3D model into an Intermediate Representation (IR)

described as a Directed Acyclic Graph (DAG) is detailed here. This involves representing

each layer and its connections as nodes and edges in the DAG, facilitating the subsequent

mapping onto hardware.

A neural network model, as described by high-level frameworks such as PyTorch and

ONNX, consists of three main parts. The first specifies the layers and their connections,

which defines the model’s structure and flow. The second details each layer’s specific

properties and configuration. The final holds the actual values of the learnable parameters,

known as weights, that are associated with the layers (if applicable). A dedicated model

parser is provided, that parses the above descriptions to build a DAG containing all of

the relevant information about the target neural network. The DAG structure is faithful

to the original, retaining just the essential information from the layers’ specific attributes

and configuration. Additionally, the parser stores the model parameters/weights for

future use during inference.

To facilitate the hardware-level mapping of the model as described in the next section,

it is essential to store some key parameters of the model’s layers, such as the input and

output feature-map sizes and certain layer-specific parameters. Feature-maps, which

define the spatial, temporal, and channel dimensions of the data being processed by each

layer, are represented as follows:

Sin
n = {H in

n ,W
in
n , Din

n , C
in
n }

Sout
n = {Hout

n ,W out
n , Dout

n , Cout
n }

where H in/out
n , W in/out

n , Din/out
n , and Cin/out

n represent the height, width, depth, and

number of channels for the input and output, respectively. The size of a feature-map,

denoted as |S|, defines the total number of elements it contains. These parameters,

Sin
n and Sout

n , form part of the parameter space definition for all the layers of the

model, along with additional layer-specific configurations, as outlined below and they

are essential for accurately mapping the network’s operations to their hardware-level

equivalent representations.

• 3D Convolutional Layers There are two different types of convolutional layers

that the X3D model incorporates: (a) 3D depthwise convolutions, (b) 3D pointwise

convolutions. Even though the are different types of convolutions, the discrimination
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between them can be achieved by looking at the layer’s configuration that is stored

in the DAG nodes, < Sin

n
,Sout

n
,Kn,Jn,Pn,Grn >:

◦ Kn is a 3-value vector [Kh
n , K

w
n , K

d
n] specifying the height, width, and depth

of the 3D convolution window (also known as kernel).

◦ Jn is a 3-value vector [Jh
n , J

w
n , J

d
n] specifying the strides of the convolution

along each dimension.

◦ Pn is a 6-value vector [P hs
n , P he

n , Pws
n , Pwe

n , P ds
n , P de

n ] denoting the amount of

padding applied at the start and end of each dimension of the input.

◦ Grn is a value that specifies the number of groups to which the input is

split along the channel axis.

• 3D Activation Layers The activation operations used in X3D are the following:

(a) Sigmoid activation, (b) Swish activation which is expressed as y = x∗sigmoid(x).

(c) ReLu activation,. The layer’s configuration is as follows, < Sin

n
,Sout

n
,Tn >:

◦ Tn denotes the type of activation operation.

• 3D Element-wise Layers In X3D, element-wise operations refer to the layers that

combine data from several branches via addition or multiplication. In comparison

to the other layer types, these layers combine several inputs into a single output.

The shapes of the layer’s inputs may or may not be identical, resulting in different

functionality of the layer (normal vs broadcasting). The layer’s configuration is as

follows, < Sin1

n
, ...,SinN

n
,Sout

n
,Tn,Qn >:

◦ Tn denotes the type of element-wise operation, e.g. addition, multiplication,

division, and so on.

◦ Qn denotes the mode of element-wise operation, normal or broadcasting.

• 3D Global Average Pooling Layers While the standard pooling operation

samples patches of the input feature map to decrease its size, this extreme case

samples the whole feature map into a single value, creating an output vector with

the same shape as the channels, with the configuration being, < Sin

n
,Sout

n
>.

• 3D Batch Normalisation Layers These are typically used in conjunction with

3D convolution. 3D Batch Normalisation has a modest number of parameters, equal

to the number of channels in the layer’s input ×4 (one for each of the parameters



62 Foundations of 3D CNN Acceleration

µ, ´, E[x], V ar[x]). The configuration of a batch normalisation layer is the following,

< Sin

n
,Sout

n
>.

• Fully Connected Layers The Fully Connected layers are transformed into Point-

wise Convolutional Layers, with the FC kernel size converted into the output

channels of the Convolutional layers.

3.3.2 Converting to Hardware Building Blocks

This section describes the process of converting the IR of the layers within the Directed

Acyclic Graph (DAG) representation to hardware building blocks, creating hardware

equivalent nodes for each layer of the X3D model as part of the SDFG. To take advantage

of the SDF model’s capabilities, we map DAG nodes to their corresponding hardware

building blocks, which implement the functionality of the respective network layers in the

underlying hardware. This section also delves into data flow optimisation and resource

allocation, demonstrating how these parametrised hardware building blocks could impact

the model’s efficient execution and utilisation of hardware resources.

The hardware building blocks are the major components utilised to construct the

SDFG, denoted as G with N computation nodes, and G = {n1, ..., nN}, which will be

used subsequently to estimate the network’s performance. The configuration of these

blocks, in conjunction with the network’s topology, is utilised to automatically generate

and construct the design’s synthesisable Vitis HLS code, as highlighted in Figure 2.13.

The representation of the supported hardware building blocks comprises the following:

i) DAG parameters. A set of parameters that originated from the layer’s settings

as a DAG node. These settings are the layers’ structural configuration that cannot

be changed.

ii) SDFG parameters. An additional set of parameters that go along with the

layer’s hardware building block. These parameters have an impact on the layer’s

performance and are the ones that the optimisation algorithm searches for during

the design space exploration phase exploring the trade-offs between performance

and resources.

All of the layers share a common set of SDFG parameters describing their hardware

building blocks. These parameters are the number of streams accepted at the layer’s

input and provided at the layer’s output, namely cin
n and cout

n , the consumption rate of

the layer, defined as number of elements consumed per cycle rin
n , and the production
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rate of the layer, defined as number of elements produced per cycle rout
n . An “element”

is defined as a single data point, like a pixel value or an individual value within a feature

map, which is processed by the layer during computation. The detailed description of

the parametrisation of all the layers is given below:

• 3D Convolution - < DAGparams
n

, cin
n

, cout
n

, rin
n

, rout
n

, fn >

◦ fn is the vector dot product folding. Essentially is the number of multiply

and accumulate (MAC) operations that take place inside the convolution in

parallel.

During the Design Space Exploration (DSE), the parameters cin
n , cout

n , and fn are

adjusted, impacting the final performance of each layer. Meanwhile the rin
n and

rout
n depend on the cin

n , cout
n , and fn which means they are implicitly altered during

the DSE as well.

• 3D Activation - < DAGparams
n

, cin
n

, cout
n

, rin
n

, rout
n

>

These layers’ rin
n and rout

n can achieve consumption/production rates of 1 without

constraints from previous layers or the memory, due to the element-wise functionality

of the activation operations such as Sigmoid, Swish, ReLu, and the simplicity of

their operations.

• 3D Element-wise - < DAGparams
n

, cin1

n
, cin2

n
, cout

n
, rin1

n
, rin2

n
, rout

n
>

This layer’s rin1

n , rin2

n and rout
n can achieve consumption/production rates of 1

without constraints from previous layers or the memory, due to their element-wise

functionality and the simplicity of their operations. It should be noted that in cases

when the rates in either of the inputs are restricted owing to a lower production

rate of a previous layer or due to memory constraints, we equalise the layer’s input

rates to the lower consumption rate among them.

• 3D Global Average Pooling - < DAGparams
n

, cin
n

, cout
n

, rin
n

, rout
n

>

For the 3D Global Average Pooling, the consumption rate rin
n is equal to 1, but

the layer’s production rate rout
n depends on the height H, the width W , and the

depth D dimensions of the input feature map. The production rate is calculated as

follows: rout
n = 1

Hn×Wn×Dn
.

• 3D Batch Normalisation - < DAGparams
n

, cin
n

, cout
n

, rin
n

, rout
n

>

The Batch Normalisation layer normalises the input across the batch dimension,
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stabilising the learning process and improving convergence speed. The parameters

rin
n and rout

n for this layer can achieve consumption/production rates of 1, due to

the normalisation being applied element-wise across each feature map.

3.3.3 SDFG Representation

Utilising the SDF theory [72], SDFG may be represented as a topology matrix Γ. The

nodes are represented by the columns of this matrix, while the arcs that link the nodes

are represented by the rows. The data consumption/production rates for each node in

each arc can be inferred by looking at the element at position (node, arc) in the Γ matrix.

Positive values, by convention, drive data production, whereas negative ones drive data

consumption. The element Γ(n, a) = −1, for example, indicates that node n consumes

data at arc a at a rate of one.

The Γ matrix is decomposed into three distinct matrices, extending the SDF paradigm

as proposed in fpgaConvNet [70], to enable finer control and detailed analysis of the

network’s dataflow properties. This approach preserves compatibility with the original

topology matrix while providing a flexible representation that facilitates effective op-

timization and hardware mapping. The descriptions of the three distinct matrices is

outlined below:

i) The stream matrix S. This matrix contains elements that record the number of

incoming and outgoing parallel streams for each node’s input and output.

ii) The rate matrix R. The rate matrix elements include the normalised data produc-

tion and consumption rates of each node at each arc (defined as the number of

elements produced/consumed per cycle). The values in this matrix range from 0 to

1.

iii) The data matrix D. The width of each individual stream from the S matrix is

stored the in elements of this matrix. Since all of the streams are assumed to have

the same bit width, the above matrix will not be taken into consideration in this

study.

The Γ matrix decomposition can be derived from the Hadamard product of the

streams matrix S, and the rate matrix R:

Γ = S ×R (3.2)
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The upper bi-diagonal structure of the Γ matrix, as originally described in fpgaCon-

vNet [70], limits its ability to model branching behaviours, like in graphs where nodes

have multiple outgoing or incoming arcs. To overcome this limitation, the proposed

SDFG modification extends the original formulation, facilitating the creation of graphs

with multiple incoming and outgoing arcs at nodes, effectively supporting branching and

merging behaviours. The matrix below illustrates an example of the proposed SDFG.

Γ =





























M
em

In

R
el
u

C
o
n
v
1

S
w
is
h

C
o
n
v
2

A
d
d

M
em

O
u
t

BW
2
−RRL

in 0 0 0 0 0

0 RRL
out −RC1

in 0 0 −RAD
in1 0

0 0 RC1
out −RSW

in 0 0 0

0 0 0 RSW
out −RC2

in 0 0

0 0 0 0 RC2
out −RAD

in2 0

0 0 0 0 0 RAD
out

BW
2





























In the above case, BW represents the available memory bandwidth to the device

off-chip memory, which is given in the device specs that are provided as input to the

system along with the high level network description file. The rest of the matrix elements

indicates values that have emerged from the Γ matrix calculation in Equation (3.2).

Additionally, the depth of each side of a branch is computed to incorporate extra buffering

for the streams that are combined at the merge points in order to ensure the correct

flow of data across the design’s streams as well as to equalise the rates at the merge

points. These modifications not only address the limitations of the original Γ matrix but

also introduce enhancements to support more complex dataflow patterns, extending the

functionality of the SDFG beyond its prior description.

3.4 Design Space Exploration and Optimisation

The hardware mapping of the SDFG assumes a final streaming architecture to be

inferred. Each design point in the design space has a specific combination of the involved

layers’ configurable compile-time parameters as they were described in section 3.3.2.

By employing a set of transformations on the SDFG, the aforementioned parameters

are modified while the design space is being explored utilising the simulated annealing

algorithm. This heuristic optimization method is chosen for its effectiveness in navigating
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large and complex design spaces. Its iterative approach, which balances exploration

and exploitation through a controlled probabilistic mechanism, enables it to efficiently

identify near-optimal solutions. This is particularly valuable in this study, where the

design space is vast, often encompassing millions or even billions of potential design

choices.

3.4.1 Model Partitioning

As previously discussed in Chapter 2.3, there are primarily two techniques for designing

CNN hardware architectures.

(a) Single engine architectures rely on a more general and powerful processing unit

that is time-shared across the network’s layers, as well as a scheduler, to execute

operations in the right sequence.

(b) Streaming architectures, such as the one presented, consist of a unique hardware

block for each CNN layer that is optimised and exploits the parallelism of that

layer independently of the others.

In streaming architectures, each CNN layer is assigned a unique hardware block that

is optimised to exploit the parallelism of that specific layer independently from the rest

of the model’s layers. As the number of layers in a CNN increases or the size of the

network’s input grows, FPGA resource utilisation also increases. This increased resource

demand can limit the parallelism achievable by each layer in order to allow all layers to

fit into a single device.

Splitting network execution into smaller partitions can solve this kind of problem while

at the same time exploiting the reconfiguration capabilities of the FPGA, as proposed

in [24]. Furthermore, by producing a unique architecture and delivering a separate

bitstream for each partition, it allows the design of more finely tuned architectures

that are better tailored to each layer’s characteristics. This approach also limits off-

chip memory accesses to streaming data at the design’s inputs and outputs, as already

described in Section 2.2.3, allowing on-chip memory to be utilized for storing the model’s

parameters and enabling data reuse. Following this strategy, the cost of reconfiguration

must be considered whenever a new partition is loaded onto the FPGA, although this

cost can be mitigated by increasing the amount of data each partition has to process

(i.e. by increasing the batch size), as explained in next Section 3.4.2 and Equations (3.4)

to (3.6).
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3.4.2 Performance and Resource Modelling

The performance and resource modelling approaches outlined below are based on the

methodologies originally introduced in fpgaConvNet [70]. A more detailed discussion

of performance and resource modelling can be found in Sections 6.3.1 and 6.3.2, where

these approaches are further expanded and analysed on a per-layer basis.

Performance Modelling

To calculate the performance of a given design based on the topology matrix Γ, an

additional matrix reflecting the workload of each layer must be included. Because

the topology matrix provides the throughput of each layer at its input in consumed

elements/cycle and output in produced elements/cycle, constructing a matrix with the

total workload of each layer, i.e. the total number of elements to be consumed and

produced, allows the generation of a new matrix that provides the number of cycles each

layer requires to consume its workload. More specifically a workload matrix W has the

same structure as the topology matrix Γ in terms of nodes and arcs of the SDFG. The

elements of this matrix indicate the total number of elements to be consumed at the

input of each layer as well as the total number of elements to be produced at the output

of each layer. By element-wise division of the W matrix by the Γ matrix, the final II

matrix is calculated as shown below:

II =W/Γ (3.3)

The II is the initiation interval matrix, and its entries represent the total number of

cycles required by each layer to consume its workload completely. The maximum value of

the II matrix, denoted by IImax determines the initiation interval of the whole SDFG of

a certain partition. A simpler explanation is that the execution time (measured in cycles)

of a partition is determined and constrained by the slowest node, i.e., IImax. The total

execution time of a partition Pi with batch size B is given by the following equation:

LPi
(B,Γ) =

1

freq
· (DPi

+ IImax · (B − 1)) (3.4)

where DPi
represents the additional delays caused by pipeline depth, which corresponds

to the total number of cycles required to fill the pipeline across the entire design. It is

calculated by summing the individual depths of each layer along with the extra depth
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introduced by additional buffering to handle branches in the design. A more detailed

discussion on pipeline depth will be provided in Chapter 5.

The model’s total latency is determined, as shown in Equation 3.5, by summing the

latency of each individual partition, calculated in Equation 3.4, and adding the total

reconfiguration time.

L(G) =
P

∑

p=0

Lp(B,Γp) + (P − 1) · treconfig (3.5)

where P is the total number of the partitions of the model, and treconfig is the recon-

figuration time needed before loading each partition to the FPGA. The extra overhead

caused by device reconfiguration is proportional to the number of partitions of the final

solution and is independent of the batch size. Hence by increasing the number of batches

processed by the model (batch size), the first term dominates the execution time and the

cost of reconfiguration is amortised.

Finally the overall throughput of the proposed architecture is inferred by dividing

the total workload of the model in GOPs (Giga Operations) times the batch size, by the

total latency:

T (G) =
WorkloadG ∗B

L(G)
(3.6)

Resource Modelling

The available resources of an FPGA platform can be described by a set of parameters

representing the four key resource types in modern FPGAs: DSPs, BRAMs, LUTs, and

FFs:

RF P GA = {DSP,BRAM,LUT, FF}

In this work, the resource utilization for a design point on the FPGA is estimated

using both analytical and regression models. Of the available resource types, DSPs are

utilised by convolutional (Conv) and fully connected (FC) layers. An analytical model of

DSP usage for these layer types is provided below:

RDSP
Conv = cin

n · c
out
n · fn, R

DSP
F C = cin

n · c
out
n

BRAM utilization is also described by an analytical model, capturing the memory

requirements for storing intermediate data and layer’s parameters. The number of BRAM
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blocks required is given by:

RBRAM(depth, words) =
⌈

depth

512

⌉

·
⌈

16× words

36

⌉

This model assumes a 16-bit fixed-point representation, with the bus width calculated as

16×words. The depth and width are determined by the layer type and layer description,

as described in Section 3.3.1, as well as the degree of parallelisation of the input channels

(cin
n ), as further elaborated in Section 6.3.2. In addition to intermediate data, Conv and

FC layers require extra on-chip memory for storing parameters.

For LUTs and FFs, regression models are used to estimate resource usage due to the

non-deterministic nature of FPGA synthesis. These regression models are derived from

data collected across numerous synthesized experiments, using various configurations of

parallelisation and layer descriptions.

3.4.3 Partition Level Optimisations

As previously discussed in Section 3.3.2, each node of the SDFG has a set of fixed

structural configuration parameters and a set of compile-time configurable parameters

that affect its performance. Given an optimisation objective, for example throughput, the

goal is to determine the best combination of these configurable parameters for each layer

in the partition in order to maximise throughput. The design evaluation is carried out

utilising performance and resource estimation models, which allow for the rapid traversal

of the broad design space and identification of the optimum solution in minutes or hours.

Alternatively, implementing, synthesising, and placing the design in an FPGA board

would prevent a comprehensive study and identification of the best possible design among

millions of available choices due to the lengthy duration of such complicated operations.

Configurable Parameters

Each partition layer’s configurable parameters leverage its parallelism based on two

factors:

• Coarse-grain Folding: The coarse-grain folding transformation modifies the num-

ber of parallel executions of coarse operations in each layer to achieve parallelism

over the channel dimensions of the input feature-map. The primary operations

of each layer can be performed simultaneously by deploying (at max) as many

instances of its processing blocks as the number of channels. On Fully Connected
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and 3D Convolutional layers the coarse-level parallelism can be utilised at both

the input and output channels. This parallelism is achieved by updating and

optimizing the compile-time parameters cin
n and cout

n , which are carefully selected

during optimization and are incorporated into the performance and resource models.

These parameters influence the stream matrix S, which in turn affects the topology

matrix Γ, ultimately shaping the overall design performance. To be considered

valid, a design must comply with the constraints driving this transformation.

cin
n , cn ∈ factors Cin

n , c
out
n ∈ factors Cout

n

• Fine-grain Folding: The fine-grain folding transformation factor determines the

parallelism of the vector dot product operation for 3D convolutional layers. This

sort of parallelism specifies the number of multipliers to be used in parallel for

multiplications and the number of levels on the adder trees for additions. By

increasing the compile-time fine folding factor, design performance is increased at

the cost of extra DSP resources. Evidently, there is a trade-off between performance

and resource utilisation. For example, a completely unrolled design uses |Kn|

multipliers and |Kn| − 1 adders, yielding 1 dot product per cycle. On the other

hand, restricting the setup to a single multiplier and adder yields 1/|Kn| dot

products per cycle. |Kn| represents the total number of elements in the kernel.

This type of parallelism is accomplished by modifying the fn parameter during the

optimisation process. This parameter influences the rate matrix R, which in turn

affects the topology matrix Γ, ultimately dictating the overall design performance.

The constraint on the compile-time fine-grain folding fn is given as,

fn ∈ factors |Kn|

Optimisation Solver

The design space exploration for a model is framed as an optimisation problem with a

specific objective. This objective can be:

• Either the maximisation of the model’s throughput:

max
G
T (G), subject to: G ∈ C
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• Or the minimisation of the model’s latency:

min
G
L(G), subject to: G ∈ C

where G ∈ C indicates that G must belong to the set of feasible solutions C that satisfy

all the optimisation constraints, as described in the following Section.

Simulated annealing (SA) [120], is a meta-heuristic for finding minima in non-convex

functions, and it is adopted as the optimisation approach for achieving the desired

objective, which in this work is maximizing throughput. SA was chosen as the optimization

method because it is highly effective for navigating the large, complex, and non-convex

design space inherent in this FPGA accelerator design problem. A simpler algorithm, like

a greedy search, would quickly get trapped in a suboptimal solution or would require very

carefull tuning and a great amount of time, while an exhaustive search is computationally

impossible. The implementation of SA for this particular optimisation problem is given

in Algorithm 1.

Algorithm 1 Simulated Annealing Optimisation Algorithm

1: Ä ← Ästart, Gnew ← Ginit ▷ initialisation
2: while Ä > Ämin do
3: Gprev ← Gnew ▷ store previous design
4: Oprev ← Ototal(Gprev) ▷ get design performance
5: Gnew ← random transformations on Gprev

6: Onew ← Ototal(Gnew) ▷ get new design performance
7: if Gnew ∈ C then
8: if Onew < Oprev then
9: if È(Oprev,Onew, Ä) < x ∼ U(0, 1) then

10: Gnew ← Gprev ▷ reject new design

11: Ä = » · Ä ▷ reduce temperature

where,

È(Oprev, Onew, Ä) = exp
(

Onew −Oprev

Ä

)

The main objective of the algorithm is to seek the global minimum or maximum of a

given cost function; in this case, the cost function is the maximisation of the throughput,

which is derived from Equation (3.6). Starting at an initial state by producing random

values for the parameters of the computation nodes, transformations to the hardware

graph G are applied iteratively generating new states that may be accepted or rejected

based on a policy described in Algorithm 1. The SA hyperparameters are configured as,
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Ästart = 10, Ämin = 1×10−6, and the cooling rate » = 0.99, while a warm start is executed

prior to the execution of the optimiser. The system’s optimisation variables include

the parameter space, such as cin
n , c

out
n , fn, of all the instantiated building blocks of the

current state of the G. Each new state is evaluated based on the system’s predetermined

constraints, as described in the Section below, and is only accepted if it satisfies all of

them.

Optimisation Constraints

To ensure the validity of the generated designs during the design space exploration process,

some constraints must be met as regards the transformations and the alternations of the

SDFG, G, of the model. These constraints are categorised below:

• Resource Constraints: These constraints ensure that the FPGA implementation

does not exceed available hardware resources (DSP, BRAM, LUT, FF). They are

defined by the following equations:

R(Pi) =
∑

nj∈Pi

Ä(nj|c
in
j , c

out
j , fj)

max{R(Pi) : Pi ∈ P} f RF P GA

Here, R(Pi) represents the total resources used by partition Pi, calculated by

summing the resource usage Ä of each node nj in the partition, derived from the

resource modelling. This usage depends on input channels cin
j , output channels cout

j ,

and fine-grained parallelism fj. The second inequality ensures that the maximum

resource usage across all partitions does not exceed the available FPGA resources

RF P GA.

• Parameters Constraints: These constraints ensure proper parallelisation of the

individual operations and are divided into coarse and fine operations.

– Coarse Operations: For coarse operations, the total number of input and output

channels (Cin
n and Cout

n ) must be divisible by their respective parallelism factors

(cin
n and cout

n ).

Cin
n mod cin

n = 0 ∀n ∈ G

Cout
n mod cout

n = 0 ∀n ∈ G
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For certain layers with dependent input and output channels, such as activation

layers, element-wise layers, pooling layers, the input and output channel folding

must be the same creating an extra and specific constraint for these layers:

cin
n = cout

n ∀n ∈ G′

where G′ is a subset of the computation nodes of G that comprise of the

aforementioned layers.

– Fine Operations: The fine operations constraint ensures that the fine-grained

parallelism fn is a factor of the layer’s kernel size, and it is applicable to layers

like Convolutional and Fully Connected layers.

fn mod |Kn| = 0 ∀n ∈ G

where |Kn| is the kernel size in terms of number of elements.

• Bandwidth Constraints: This constraint ensures that the total data transfer

between the FPGA and external memory (usually DRAM) doesn’t exceed the

available bandwidth of the memory interface. They can be expressed as:

BWr(Pi) =
∑

nj∈Pi

Rnj
=⇒ nj ∈ Ginput

BWw(Pi) =
∑

nj∈Pi

Rnj
=⇒ nj ∈ Goutput

BWr(Pi) < BWr
F P GA, BWw(Pi) < BWw

F P GA ∀ Pi ∈ P

The initial two equations define the bandwidth requirements for a specific partition

Pi. They focus on two key sets of nodes:

– Ginput: This set includes the nodes that read data from external memory.

– Goutput: This set includes the nodes that write data to external memory.

For each partition Pi, we calculate its total bandwidth by summing the rates of all

nodes within it that belong to either Ginput or Goutput. These rates are specified in

the rate matrix R described in Section 3.3.3. The resulting sums represent the total

bandwidth needed for reading from and writing to off-chip memory, respectively,

for that particular partition Pi.
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In the third equation, BWr/w(Pi) is the total read and write memory bandwidth

for a partition Pi, and BW
r/w
F P GA is the available memory bandwidth of the given

platform.

In essence, the set of these equations calculate the total bandwidth needed for a

particular partition (Pi) and ensures they don’t exceed the maximum available

bandwidth of the given platform.

By adhering to these constraints, we can generate valid designs that efficiently manage

data transfer, appropriately parallelise operations, and effectively utilise FPGA resources,

thereby optimising the overall performance of the neural network model implementation

on FPGAs.

3.4.4 Model Specific Optimisations

X3D Partitioning

In this work, the partitions are manually defined based on three main block types,

identified and tailored to the architecture and specific characteristics of the X3D model.

Figure 3.4 depicts the structure of the defined block types. The first block type in

Figure 3.4a consists of a double branch structure with a convolution layer at the outer

branch’s skip connections. The second block in Figure 3.4b is the same as the first but

without the convolution layers at the skip connection, while the third block in Figure 3.4c

follows the architecture of a standard residual block. The X3D model comprises 26 such

blocks, 4 of which are of type ‘Double-branch Residual with Conv’ (Db Res Conv), 11

of which are of type ‘Double-branch Residual’ (Db Res), and 11 of which are of type

“Residual” (Res). Each block type, as can be observed from their structure, displays

branching behaviour, with the first two block types exhibiting double branching owing

to the squeeze and excitation module [48].

GAP Optimisation

During the development of the proposed design, the squeeze and excitation modules were

found to significantly hinder throughput. This bottleneck primarily stems from the 3D

Global Average Pooling (GAP) layer, which requires averaging over the entire feature

map. This operation introduces delays in the design pipeline and necessitates increased

branch stream buffering. The performance limitation arises from two main factors:
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(a) Double-branch Residual
with Conv

(b) Double-branch Residual
(c) Residual

Fig. 3.4 The basic X3D model block types. We identified and defined
these block types based on their structure and receptiveness inside the

X3D model architecture.

• Interdependence between layers: The output of the GAP layer is needed for the

execution of subsequent layers, which in the case of X3D, is always a pointwise

convolution. This operation requires the all input channels to be present to start

producing its output, resulting in a dependency that causes pipeline stalling.

• On-chip memory constraints: The FPGA’s restricted on-chip memory resources

get constrained by the larger buffer sizes associated with this operation.

To address these challenges, we introduced an innovative approximation technique,

as illustrated in Figure 3.5. The main points of this approach are described below:

• Result Reuse: The GAP layer re-uses the results of its previous execution, which

are saved in the on-chip memory, for each subsequent volume of data (i.e., every

subsequent batch).

• Immediate Forwarding: These saved results are forwarded immediately to the next

layer in the pipeline, eliminating the need to wait for the current batch’s GAP

calculation.

• Asynchronous Update: While the pipeline continues uninterrupted, the GAP layer

calculates and saves the current batch’s results to the on-chip memory. This update

occurs in parallel with the processing of subsequent layers, ensuring it doesn’t affect

the pipeline’s other stages.
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Fig. 3.5 Illustration of the proposed streaming-centric approximation on GAP layers for
improving the throughput of X3D.

• Reduced Buffering: This approach significantly reduces the need for extensive

buffering, as the pipeline no longer needs to wait for the GAP calculation to

complete before proceeding.

• Improved Throughput: By eliminating pipeline stalls and reducing buffer require-

ments, this optimisation substantially improves overall throughput.

The trade-off in this approach is a reduction in accuracy due to using the previous

batch’s GAP results. However, when evaluated on the UCF101 benchmark (Section 3.5.2),

this approximation had negligible impact on the model’s accuracy, which is even more

apparent in streaming scenarios where consecutive batches typically exhibit similar

statistical properties.

3.5 Performance Evaluation and Results

3.5.1 Experimental Setup

For evaluation purposes, the AMD/Xilinx ZCU102 board, featuring the Zynq UltraScale+

MPSoC XCZU9EG device, has been used as the target platform. In all of the experiments
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the target frequency was set to 140 MHz. Vitis HLS and Vivado Design Suite (2021.2)

were used, while the reported resource results are after place and route. In all the

designs the arithmetic precision used was 16-bit fixed point arithmetic as described in

Section 3.5.2. The UCF101 [1] HAR benchmark was used to assess the correctness of

the X3D model and position it in relation to prior studies. In addition to the baseline

architecture, a second design is proposed and evaluated, utilising the statistics from

previous batches of GAP layers as described in Section 3.4.4.

Since the authors of the X3D [6] have not published the model’s performance in that

specific benchmark, we have trained/fine-tuned the X3D model and then evaluated it on

the UCF101 benchmark. Following the model’s fine-tuning, the evaluation was carried

out utilising the widely adopted strategy used on HAR benchmarks, which results in a

total of 30 predictions that are averaged from a uniform sampling of 10 temporal clips

Ct for each video and spatial sampling of 3 crops in each frame, resulting in 3 spatial

clips Cs. Furthermore, to be equivalent and directly comparable to previous studies,

the impact of employing fixed-point precision has been investigated, by converting the

model weights and all intermediate feature mappings from 32-bit floating point to 16-bit

fixed-point arithmetic.

3.5.2 Quantisation Experiments

Figure 3.6 depicts the results of quantisation of both the weights and feature maps over

different combinations of word lengths under fixed point number representation. The

experiments were conducted on the first split of UCF101 with a single clip evaluation

(compared to 30 clip evaluation as described above). The accuracy achieved for this split

with floating point (Float32) feature maps and weights is 95.71%. On a 16-bit fixed

point precision for both the weights and feature maps (W16A16) we observe a drop in

accuracy of 0.28pp. Keeping the feature maps at 16 bits and moving weights to 15-bit

precision (W15A16) the accuracy drops by 0.66pp, at 14-bits weights (W14A16) the

accuracy drop is equal to 1.19pp, and for 13 bits (W13A16) the drop in accuracy is at

3.23pp. In Figure 3.6 all the possible combinations of weights and feature maps precisions

are presented. An interesting insight emerged from this evaluation is that the feature

maps are less sensitive to reduction of the word length used to represent them compared

to the weights of the model. For all the experiments we have explored and kept the best

combination of the number of integer and fractional bits for each word length both for

weights and feature maps. Finally we have evaluated the model on all three splits of

UCF101 with a 30 clip evaluation using 16-bit fixed point for weights (Q6.10) and for
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Weights Wordlength = 13

Weights Wordlength = 14

Weights Wordlength = 15

Weights Wordlength = 16

Fig. 3.6 Quantisation results on UCF101 over different word lengths. Wx denotes the
word length of the fixed point representation of the weights, while FMx for the feature

maps

feature maps (Q7.9). It is observed that the accuracy drop was negligible dropping from

96.56% to 96.43%.

These results demonstrate that fixed-point quantization can achieve comparable accu-

racy to floating-point precision with careful selection of word lengths, offering significant

potential for reducing resource usage without compromising model performance.

3.5.3 Performance Evaluation

In this section (and chapter), the performance evaluation focuses specifically on the

mapping of the X3D network to FPGA, as a case study to demonstrate the proposed

methodology. While the results provide valuable insights into the effectiveness of the flow

presented in Figure 2.13, no claims are made about the generalization of these findings to

other 3D CNN models. A more comprehensive evaluation of the proposed flow, including

its application to a broader range of 3D CNN architectures, will be presented in the next

chapter to assess its adaptability and robustness across different network designs.

Accuracy of Modelling

To ensure that the performance of X3D predicted by the modelling is representative

of the actual performance provided by co-simulation results, a series of experiments

has been conducted for each supported layer type with different configurations for the

layer input and output shapes, as well as the coarse in and coarse out factors. The

metric of Mean Percentage Error (MPE) was used to measure the error on the predicted
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vs co-simulation throughput for all the experiments. It was observed that the model

consistently under-predicts the throughput, providing a conservative but safe estimate for

the Design Space Exploration. As can be seen from Figure 3.7, the errors vary depending

on the coarse in and coarse out factors; the bigger the coarse factors get the smaller the

error becomes. On average, layer type 1 has an MPE of 11.92%, layer type 2 has 17.32%,

and layer type 3 has 5.03%.
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Fig. 3.7 PE on throughput (clips/s) between modelling and co-simulation
results.

Experimental Results

This subsection presents the experimental results, showcasing the performance of the

FPGA-based X3D implementation. It compares the results with other state-of-the-

art models and hardware platforms, highlighting improvements in key metrics such as

throughput, accuracy, and resource efficiency. A batch size 100 was chosen to amortise

reconfiguration cost. These batch size values can be used in systems that analyse multiple

videos in parallel, or in evaluation processes that use multiple clips from a single video,

as already described in detail in Section 2.3.3.

To the best of our knowledge, no previous works have targeted the acceleration

of X3D onto FPGA as of the date of authoring this study. To position within the

previous works, and because most current works focus on the C3D model targeting

different FPGA platforms, the assessment is undertaken on a number of different metrics:

Clips per second (Clips/s). This metric is the total number of clips processed over a

second. The values on this metric on Table 3.3 are measured and reported for a batch
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size of 100 as denoted in the Table’s footnotes. The positioning of the proposed designs

related to the existing works can be seen in Figure 3.8. The proposed architecture is

positioned in the Pareto front of accuracy over clips/s compared to the existing works in

the field.

Throughput (GOp/s). To be fully aligned with the results of the existing works,

GOp/s are accounted as the MAC (multiply and accumulate) operations per second. For

batch size 100, the design generated by the proposed method achieves better throughput

compared to [109, 110, 116] while at the same time achieving better accuracy among all

the existing works.

DSP efficiency (GOp/s/DSP). This metric is the normalised throughput over the

DSPs used. In this work, the DPSs used are averaged over all the 26 pre-defined parti-

tions. A positioning of the designs proposed here in relation to the existing works for

a favourable batch size of 100, showcases a comparable DSP efficiency to most of the

works.

Performance Density (Op/s/DSP/cycle). This metric is the normalized through-

put over the DSPs used and the clock frequency. In the proposed method the DSPs used

are averaged over all the 26 defined partitions. A comparison with the existing works can

be found on Table 3.3, where the proposed solution achieves comparable performance

density ranging from 0.89× to 0.15×.
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Given that the proposed design focuses on throughput, the related works are also

evaluated based on this metric. In comparison to M. Sun et al. [116], the sole effort

targeting the same FPGA platform, the designs generated by the proposed method

outperform their C3D and R(2+1)D counterparts by 1.52× and 1.07×, respectively, in

terms of throughput expressed as GOp/s. Table 3.3 summarises the positioning of this

chapters designs in relation to the rest of the existing works.

Table 3.2 shows a performance comparison of the proposed (GAP approximation)

design on a ZCU102 FPGA board versus a mid-range Nvidia GPU platform. A GeForce

RTX 2060 with 1920 CUDA cores is the target GPU utilising CUDA and CuDNN libraries

to optimise its solution. However, due to the memory limitations of the GPU platform,

we were restricted to using a batch size of 20 for evaluation. Under this constraint, our

FPGA-based design achieves a power efficiency of 0.17 Clips/s/Watt, compared to the

GPU’s 0.66 Clips/s/Watt. Notably, the performance of the proposed FPGA design is

constrained by the smaller batch size. For larger batch sizes, such as 100, it could achieve

up to 0.72 Clips/s/Watt, which is more than four times the efficiency observed under the

current batch size limitation. However, the performance of the specific GPU under these

conditions remains unknown, as it cannot be evaluated for larger batch sizes.

Table 3.2 Performance comparison versus GPU

GPU FFM-X3D (Ours)
Platform GeForce RTX 2060 ZCU102

Frequency 1.2 GHz 140 MHz
Memory Capacity 6 GB 4 GB (44.1 Mb)

Memory Bandwidth 336 GB/s 19.2 GB/s
Power (W)∗ 79.08 26
Batch Size 20 20
Precision Float32 W16A16

Clips/s (cps) 52.2 4.42
Clips/s/Watt (cps/W) 0.66 0.17

∗ The GPU power estimates obtained from the nvidia-smi tool, while
the FPGA power estimates derived from the Vivado tool estimations.
 For the ZCU102 the number in the parenthesis indicates the on-
chip memory capacity.
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3.6 Conclusions

This chapter has introduced a novel approach for optimising and mapping 3D Con-

volutional Neural Networks (CNNs)—with a specific focus on the X3D model—onto

Field-Programmable Gate Array (FPGA) platforms. The work addresses the growing

need for efficient hardware acceleration of complex deep learning models in video-related

applications. Our contributions leverage the computational efficiency and adaptability of

FPGAs to address the unique challenges posed by 3D CNN architectures. The following

contributions have been made toward FPGA-based mapping and optimisation of the

X3D model:

• Extension of the Synchronous Data Flow (SDF) graph model to better capture

performance requirements unique to 3D CNN mapping on streaming architectures

by explicitly addressing irregular block structures with branching which are common

in modern CNN models.

• An automated process was developed to optimise X3D, a state-of-the-art HAR

model, targeting the ZCU102 FPGA board, factoring in device-specific constraints

such as available resources and memory bandwidth.

• Implementation of model-specific optimisations, such as the innovative approxi-

mation technique for Global Average Pooling (GAP) layers, which significantly

improved throughput by reducing pipeline stalls and buffer requirements.

• Comprehensive evaluation of the proposed architecture (FFM-X3D) against existing

works, demonstrated competitive performance in terms of throughput, accuracy, and

resource efficiency. Notably, the proposed designs achieved 17.58 clips/s (baseline)

and 18.72 clips/s (with GAP approximation) while maintaining 96.5% accuracy on

the UCF101 benchmark.

• Successful quantisation of the X3D model to 16-bit fixed-point precision with

minimal accuracy loss (0.13% on UCF101), enabled efficient FPGA implementation.

The proposed approach pushes the current performance-accuracy Pareto front for

FPGA-based 3D CNN acceleration, enabling the deployment of sophisticated architectures

like X3D in resource-constrained environments.

While the proposed approach demonstrates notable improvements in performance

and efficiency for FPGA-based acceleration of the X3D model, several limitations and
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challenges remain. One primary limitation is the need for extensive manual tuning and

partitioning of the model. This manual partitioning is highly model-specific and tailored

to optimize resource allocation and computational flow, which does improve results but

comes with significant time costs. The process is notoriously labor-intensive and can be

challenging to replicate or adapt for different devices or architectures, thereby limiting

scalability and adaptability across various FPGA platforms.

To overcome these limitations, in the next chapter, we will explore automated and

adaptive partitioning strategies. Automating the partitioning process could make the

optimisation process less time-intensive and more easily transferable across different FPGA

devices and model architectures. Additionally, improving the accuracy of performance

and resource prediction models is essential for streamlining the design space exploration

process. Integrating more accurate prediction models would enable precise early-stage

assessments of resource and performance requirements, thereby improving overall design

efficiency. The next chapter builds on this foundation by introducing throughput-oriented

optimization techniques, with a focus on automating and streamlining the model mapping

process, focusing mainly on the partitioning strategies. These techniques aim to support

high-throughput 3D CNN applications, advancing the scalability and adaptability of

FPGA-based solutions across diverse and complex architectures.



Chapter 4

Charting the Course: Streamlining

FPGA-Based Optimisation for 3D

CNNs Targeting

Throughput-Oriented Designs

4.1 Introduction

This chapter introduces fpgaHART1 (fpga-based Human Action Recognition Toolflow), a

throughput-oriented toolflow developed to optimise and map 3D Convolutional Neural

Networks (CNNs) onto FPGA devices. 3D CNNs are widely utilised in fields like surveil-

lance, autonomous systems, human behaviour monitoring, and video retrieval, where

capturing temporal or depth-related features is essential. Despite their effectiveness, these

networks pose significant computational and memory demands, particularly challeng-

ing for resource-constrained FPGA platforms. To address these challenges, fpgaHART

leverages the flexibility and parallelism of FPGAs to achieve high-throughput, efficient

designs suitable for real-time, low-power applications.

Building on the limitations identified in the previous chapter, this chapter addresses

bottlenecks associated with manual partitioning and model-specific tuning. fpgaHART

introduces an automated and adaptive model partitioning process, aiming to make the

optimisation of 3D CNNs both scalable across devices and adaptable to diverse model

architectures. The toolflow employs an automated partitioning strategy, which identifies

1https://github.com/ptoupas/fpgahart
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optimal reconfiguration points that, alongside the per-partition optimisation strategy, as

described in the previous chapter, and the refined performance and resource prediction

models, enable fpgaHART to handle complex architectures while exploring the design

space in an automated way, producing throughput-optimised FPGA designs.

The key contributions of this chapter are as follows:

• Development of the fpgaHART Toolflow: fpgaHART is designed as a

throughput-oriented optimisation and mapping toolflow for 3D CNNs on FPGA

devices, transitioning from a model- and device-specific approach, introduced in

the previous chapter, to a more generic framework that supports mapping multiple

models to multiple FPGA devices. This adaptability allows fpgaHART to serve a

broader range of 3D CNN architectures, extending its use to applications beyond

HAR.

• Automated Model Partitioning: A key feature of fpgaHART is its automated

partitioning strategy, which identifies optimal reconfiguration points even when

partitioning is required mid-branch. This automation reduces the time-intensive

nature of manual partitioning and facilitates the identification of optimal partitions,

enabling efficient optimisation across diverse hardware setups and complex 3D

CNN models with challenging branching structures.

By automating the optimisation and mapping process, fpgaHART not only reduces

the manual effort required for partitioning but also expands the design space, enabling

the exploration of a broader range of design choices, allowing for the identification of

better design points. While the toolflow is motivated by the specific needs of HAR, it

is adaptable to other 3D CNN architectures, expanding its potential applications for

efficient 3D CNN processing across various domains.

In Table 4.1 below we provide a comparative overview of the 3D CNN models supported

by fpgaHART and other related works, demonstrating fpgaHART’s compatibility across

a range of 3D CNN architectures. Unlike previous works, which often focused on a

limited set of models tailored to specific hardware configurations or application types,

fpgaHART is designed to accommodate a broader range of architectures. This versatility

is achieved through key contributions, including the expansion of the design space to

explore optimal reconfiguration points when partitioning the model’s computational

graph and the extension of performance modelling to handle multi-input/multi-output

configurations. The table underscores the adaptability of fpgaHART, demonstrating its

potential as a versatile solution for FPGA-based 3D CNN acceleration.
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Table 4.1 Comparison of 3D CNN model support in fpgaHART versus related works,
highlighting the range and diversity of supported architectures.

3D CNNs
Fan et al.

[109]
Fan et al.

[110]
Liu et al.

[113]
Sun et al.

[116]
Shen et al.

[2]
fpgaHART

(Ours)

C3D [3]
(2013)

6 6 6 6 6 6

R(2+1)D-18 [97]
(2018)

: : : 6 : 6

R(2+1)D-34 [97]
(2018)

: : : : : 6

SlowOnly [42]
(2019)

: : : : : 6

X3D [6]
(2020)

: : : : : 6

4.2 Background

This section introduces a range of 3D CNN models that we use to demonstrate and

evaluate the fpgaHART toolflow. As in Chapter 3, we provide a detailed overview of these

models, emphasizing their varied workloads, architectures, memory demands, and the

different operations and layers that define them. The C3D model, was introduced by Tran

et al. [39] in 2014, and was one of the pioneering approaches to learning spatiotemporal

features using deep 3D convolutional networks. The model was trained on a large-scale

supervised dataset, demonstrating considerable advancements in video analysis relative

to prior efforts by concurrently integrating spatial and temporal information utilising

3D convolutions. The C3D model features a simple linear architecture comprising 27

sequential layers, including 8 convolutional layers, each employing a 3× 3× 3 convolution

kernel. This model established the foundation for subsequent advancements in 3D CNNs,

illustrating the effectiveness of 3D convolutions on video-related tasks.

In 2018, Tran et al. [97] introduced the R(2+1)D architecture, which extends the

advancements of 3D CNNs by incorporating them into the residual learning framework.

This model demonstrates the higher accuracy of 3D CNNs compared to 2D CNNs on video-

related tasks. They proposed an approach to reduce the computational complexity of 3D

convolutions by decomposing the 3D convolutional filters into two separate operations: a

2D spatial convolution followed by a 1D temporal convolution. This decomposition led to

a more efficient spatiotemporal convolutional block, known as “R(2+1)D”. The integration

of these blocks into a ResNet-like architecture enabled the R(2+1)D model to achieve
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state-of-the-art performance on benchmarks such as Kinetics [103] and Sports-1M [121],

while also considerably decreasing computational costs relative to conventional 3D CNNs.

In 2019, Feichtenhofer et al. [42] introduced the SlowFast network, a novel two-pathway

architecture for video recognition with a slow pathway capturing spatial semantics at

a low frame rate and a fast pathway focusing on rapid motion at a high frame rate.

The two pathways are connected by lateral links, enabling them to share information

and complement each other. This dual-rate design effectively balances slow-changing

spatial features with fast-evolving motion, resulting in strong performance on video

recognition tasks like action classification and detection, and achieving state-of-the-art

accuracy on benchmarks such as Kinetics [103], Charades [107], and AVA [108]. In

our work, we focused on the SlowOnly variant of the SlowFast model, which uses only

the Slow pathway to capture spatial semantics at a low frame rate, as object identity

and appearance change more slowly. After analysing the trade-offs, we found that the

increased complexity, due to the bilateral connections in the full SlowFast model, along

with the higher computational workload (66.1 vs. 54.75 GFLOPs) and parameter count

(34.6M vs. 32.45M), was not justified by the marginal accuracy gain (76.65% vs. 76.45%

Top-1 accuracy on Kinetics-400).

Table 4.2 3D CNN models characteristics

C3D Slowonly R(2+1)D-18 R(2+1)D-34 X3D
FLOPs (G) 38.61 54.81 8.52 12.91 6.97

Parameters (M) 78.41 32.51 33.41 63.72 3.82
Num. of Layers 27 174 82 154 396

Num. of Conv Layers 8 53 37 69 115
Spatial dimensions 112× 112 256× 256 112× 112 112× 112 256× 256
Num. of Frames 16 8 16 16 16

UCF101
Accuracy (%)

83.2 94.54 88.66 92.27 96.52

 FLOPs are reported as MAC operations.

The selection of these models highlights their significance in the progression of 3D

CNNs, as each of them introduced essential concepts from the 2D domain into the 3D

domain. For example, the SlowOnly model adapted the popular ResNet [9] architecture

style into the 3D domain, while X3D integrated depthwise separable convolutions [44]

and Squeeze-and-Excitation [48] blocks into the 3D domain, resulting in efficient 3D

CNN architectures similar to MobileNets [38] in the 2D domain. Similarly, the R(2+1)D

model introduced 3D-specific optimizations, such as the (2+1)D modules, reducing the

computational cost of 3D CNNs, without compromising their performance. After 2020,
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the field began shifting towards Vision Transformer (ViT)-based models, as discussed

in Section 2.3.2 and illustrated in Figure 2.14. However, these models have significant

computational requirements, making them less practical for the scope of this study,

which emphasizes more efficient workloads fitting constrained FPGAs. Consequently, we

chose to concentrate on these pivotal 3D CNN architectures, which remain relevant and

impactful for applications targeting edge devices and embedded systems.

Fig. 4.1 Architecture variations across three 3D CNN architectures-C3D, R(2+1)D, and
SlowOnly (left to right), showcasing the different layer connectivity and operation types
used in each model. The notation W < F × C ×D ×H ×W in 3D convolutional layers
represents the convolutional kernel where F is the number of filters, C is the number of
channels, while D,H,W are the depth, height, and width dimensions of the kernel.

Table 4.2 presents a detailed breakdown of the previously discussed models, high-

lighting their specific characteristics. It includes information on workload (measured in

MACs), the number of parameters, performance metrics such as accuracy, and layer-

related details. This comparison helps illustrate the differences between the models

in terms of computational and memory demands, architecture, and overall efficiency.
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Furthermore Figure 4.1 highlights the diverse architectural workflows in 3D CNN models,

showcasing variations in layer connectivity, long-range dependencies, and operation types.

4.3 fpgaHART Toolflow

The fpgaHART toolflow is designed to automate and optimize the deployment of 3D

CNN models on FPGA platforms, addressing the unique challenges associated with

reconfigurable hardware acceleration. The toolflow accepts inputs from popular deep

learning frameworks such as PyTorch [50] and TensorFlow [51], after being converted

into the ONNX format2. Alongside the ONNX model, the toolflow also takes FPGA

platform specifications and application performance requirements as additional inputs.

The FPGA specifications provide essential details about the hardware constraints and

resources available, while the performance requirements help guide the optimization

process towards maximizing throughput. Upon processing these inputs, fpgaHART

generates an FPGA bitstream tailored to the characteristics of both the model and the

hardware.

fpgaHART

MODEL PARSER
(IR) RESOURCE &

PERFORMANCE
MODELS

DSE

OPTIMISER

HARDWARE
MAPPING

Bitstream

H
W

 Specs & O
ptim

isation Target

Fig. 4.2 High level overview of the fpgaHART toolflow architecture. The three distinct
but connected parts are being shown in the diagram. The entry point which is the
model parser creates the intermediate representation (IR) and feeds that to the optimiser.
During the DSE, the optimiser exchange information with the resource and performance
models. Once the optimisation is finished the automated hardware mapping tool converts
IR into HDL code and then into a bitstream.

2https://onnx.ai/
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The core of the toolflow consists of three interconnected components: the Model

Parser, the Automated Design Space Exploration (DSE) Optimiser, and the Network

Hardware Mapping, as shown in Figure 4.2. These components work together to transform

high-level model descriptions into FPGA-specific implementations that meet application

performance requirements.

Neural Network Model Parser: The entry point of the fpgaHART toolflow is the

Model Parser. To facilitate the process of incorporating various neural network (NN)

models into the toolflow, a dedicated NN model parser has been developed. This parser

is designed to read and map NN models in the ONNX format, a standardised format

supported by many deep learning frameworks such as PyTorch and TensorFlow, into

an intermediate representation (IR) format required by the toolflow. This IR, can be

described as a Directed Acyclic Graph (DAG), as detailed in Section 3.3.1, serving as

an abstracted form of the network architecture and capturing the key details about

the model’s layers, connections, and dataflow patterns, enabling subsequent stages to

optimize the design for FPGA execution.

Design Space Exploration (DSE) Optimiser: After generating the intermediate

representation (IR), it is translated into a Synchronous Data-Flow Graph (SDFG), denoted

as G, as outlined in Section 3.3.2. The core concept of synchronous dataflow modelling

is that each node fires whenever data is available at its inputs, resulting in a paradigm of

data-driven execution. This format is compatible with the rest of the toolflow’s tools,

such as the optimiser and the toolflow’s resource and performance models. The graph G

is then passed to the Automated Design Space Exploration (DSE) component, which

serves as the optimization engine. The DSE optimiser explores various configurations

and partitioning strategies, such as selecting optimal reconfiguration points, managing

parallelism within partitions, and balancing computational workloads. It also considers

the FPGA platform specifications and application performance requirements, allowing

for an informed trade-off between performance metrics such as throughput and resource

utilization. The tool is able to generate hardware designs that are highly optimized and

tailored to the specific model characteristics.

Network Hardware Mapping: The final stage of the fpgaHART toolflow is the

Network Hardware Mapping, where the optimized IR, expressed as G, is converted into

hardware-specific implementations. This involves generating the Hardware Description

Language (HDL) code based on the optimized design configurations, and the respective

RTL code which is then used for the generation of the final bitstream.
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The fpgaHART toolflow aims to streamline the process of deploying 3D CNN models

on FPGAs by automating key steps in model translation, optimization, and hardware

mapping. Its design supports high-performance, throughput-oriented applications by

leveraging FPGA reconfiguration capabilities, making it suitable for a range of FPGA

platforms and various application domains. The flexibility to adapt partitioning strategies

and optimize hardware mappings based on specific performance and resource constraints

enables significant improvements in efficiency and adaptability compared to traditional

approaches.

4.3.1 Extra DAG Nodes and Hardware Building Blocks

To support the diverse architectures of the models introduced in this chapter (C3D,

R(2+1)D, and SlowOnly), we must extend the set of supported Directed Acyclic Graph

(DAG) nodes and their corresponding hardware building blocks, as they have been defined

in Section 3.3.1 for the X3D model. While Section 3.3.1 establishes the core primitives

required for X3D, the models evaluated here utilize supplementary layer variants that

are essential for their successful mapping and optimisation within our toolflow.

3D Convolution Layers

These new modules include several variants of 3D Convolution (Full Convolution (3D),

Spatial and Temporal 3D Convolution). While the general concept of 3D Convolution

was introduced in Section 2.1.2, here we define some variants not previously defined:

• Spatial Convolution (2D-like) is a special case of 3D convolution where the

temporal dimension of the kernel is fixed to 1, resulting in a kernel shape of

Kh ×Kw × 1. This simplifies the operation to a 2D convolution applied across the

spatial dimensions (height and width) only, while leaving the temporal dimension

unchanged.

• Temporal Convolution (1D-like) is another special case of 3D convolution

where the spatial dimensions of the kernel are fixed to 1, resulting in a kernel shape

of 1× 1×Kd. This reduces the operation to a 1D convolution applied only along

the temporal dimension, with no changes to the spatial dimensions.

We have extended the set of supported Directed Acyclic Graph (DAG) nodes and

their corresponding hardware building blocks by incorporating the variants of the 3D

Convolution operation as described above. While the 3D Convolution node retains its

high-level representation within the DAG nodes and HW building blocks, as described
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in Sections 3.3.1 and 3.3.2, its underlying hardware implementation has been refined to

optimize performance for specific cases present in these models.

3D Pooling Layers

There are two different types of pooling layers, as described in Section 2.1.1: (a) 3D

max pooling, (b) 3D average pooling. Even though the are different types of pooling, the

discrimination between them can be achieved by looking at the layer’s configuration that

is stored in the DAG nodes, < S
in

n
,Sout

n
,Jn,Pn,Grn >:

◦ Jn is a 3-value vector [Jh
n , J

w
n , J

d
n] specifying the strides of the pooling along each

dimension.

◦ Pn is a 6-value vector [P hs

n , P he

n , Pws

n , Pwe

n , P ds

n , P de

n ] denoting the amount of

padding applied at the start and end of each dimension of the input.

◦ Tn denotes the type of pooling operation, e.g. max or average.

Similarly, we introduced a dedicated hardware building block for 3D Pooling layers.

The parameters of the 3D Pooling hardware building block are consistent with descriptions

in Chapter 3.5.3. Each pooling layer’s hardware node includes both DAG parameters,

and SDFG parameters.

3D Pooling - < DAGparams
n

, cin
n

, cout
n

, rin
n

, rout
n

> During the Design Space Explo-

ration (DSE), the parameters cin
n , cout

n are adjusted, impacting the final performance of

each layer. Meanwhile the rin
n and rout

n depend on the cin
n and cout

n which means they

are implicitly altered during the DSE as well.

4.3.2 Partitioning Strategies

Partitioning plays a critical role in optimizing FPGA-based acceleration for throughput-

oriented designs, leveraging the reconfiguration capabilities of FPGAs to achieve higher

performance. As previously discussed in Section 3.4.1, streaming architectures may be

limited by FPGA resources due to their nature of optimising each specific layer of the

model independently. In the previous chapter, the partitioning for the X3D model was

performed manually, with reconfiguration points selected based on an analysis of the

model’s layers and blocks. In contrast, the fpgaHART toolflow automates this process,

refining the resolution of partitioning and further expanding the design space. The tool

allows the user to provide initial hints and heuristics to guide the optimization and

partitioning process. Specifically, the user can provide a starting estimate for the number

of reconfiguration points, L, which serves as a seed for the algorithm to begin exploring.
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This is not a strict constraint but rather a flexible guideline that helps define the initial

scale of the number of partitions. Additionally, the user may specify the types of layers

where partitioning is permitted—for instance, allowing splits only after convolutional

layers or before element-wise layers. This enables the incorporation of the user’s domain

knowledge into the optimization process, leveraging their hints to make the optimization

process more targeted and efficient. By providing finer control and automating the search

for optimal reconfiguration points throughout the entire model architecture, fpgaHART

enhances the granularity of partitioning compared to the coarse-grained, manual approach

employed in the previous chapter. The number of partitions and their placement are

now adjustable parameters that the optimization algorithm can refine to achieve optimal

performance.

However, allowing the tool to split the computation graph at any arbitrary point, if

no hints are given, introduces several challenges.

Challenge 1: The expanded design space becomes considerably larger, as the

reconfiguration points are now introduced as an additional parameter in the optimization

process. This increase in potential configurations allows for greater flexibility in achieving

optimal performance but also adds complexity to the Design Space Exploration (DSE)

process, requiring more sophisticated algorithms or heuristics to efficiently navigate the

expanded search space within feasible time and resource constraints.

To address this challenge, the proposed optimization process incorporates user-

provided hints to guide the exploration of the design space, starting with an initial

partitioning of the model’s layers by selecting L initial reconfiguration points. These

points are determined based on the user-specified allowed layer types for partitioning

the model, when such hints are provided; otherwise, default values are utilized. The

partitions are obtained by randomly selecting L allowed layers and splitting the graph

into L+ 1 initial partitions. These initial partitions provide an initial state of the model

that the optimiser refines. The refinement process focuses on two key principles:

• Identifying Invalid Partitions: Invalid partitions are those that surpass the

available FPGA resources, even when the layers are configured with the minimum

level of parallelism. This typically occurs when partitions contain branches or

multiple branches that require extensive buffering, often surpassing the BRAM

capacity of the FPGA, or when partitions contain layers with parameters that

exceed the on-chip storage capacity of the device. Most instances of invalidity

arise from excessive BRAM utilization, as the validity check is performed with

the minimum level of parallelization, which utilizes only a small number of DSPs
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When an invalid partition is identified, the algorithm resolves the issue by further

splitting the partition, randomly selecting an allowed layer within the partition

to create additional sub-partitions. In extreme cases, where a partition consists

of a single layer that cannot fit on the FPGA, the optimizer is unable to further

split the partition, and the process terminates. In such situations, the use of a

larger FPGA device is required. This whole process ensures that the refinement

can continue efficiently, mitigating resource constraints wherever possible.

• Identifying Redundant Partitions: Beyond addressing excessively large parti-

tions, the optimization process also considers very small partitions that can emerge

during the initial partitioning of the model. These small partitions typically consist

of only a few layers with minimal parameters to store and no branching, resulting in

resource requirements that are so low they can be merged with adjacent partitions

without significant impact. When such partitions are identified, they are marked as

candidates for merging. The algorithm then evaluates their adjacent partitions to

determine if merging is feasible. This decision is guided by heuristics, ensuring that

the resulting merged partition does not exceed some predefined resource thresholds.

These thresholds are hyperparameters of the optimization algorithm, allowing users

to explicitly set and fine-tune them. By merging redundant partitions, the process

minimizes the reconfiguration overhead associated with maintaining unnecessary

partitions, leading to a more efficient overall design.

The algorithm of the automated partitioning is provided in Algorithm 2.

Once the partitions have been validated and any redundant partitions have been

merged, they are considered static and fixed for the remainder of the optimization process.

At this stage, the the SA optimiser, as described in Algorithm 1, applies a series of

partition-specific optimization steps, as described in Section 3.4.3, employing both coarse

and fine transformations to the SDFG and exploring the maximum level of parallelism

achievable within the constraints of the available FPGA resources. Once the optimizer

has converged for all the partitions, the final performance of the model is evaluated based

on Equation (3.6).

Challenge 2: Arbitrary partitioning can lead to complex partition structures.

Modern 3D CNN architectures often include complex structures with numerous skip

connections and branching layers, which complicates the partitioning process. For

example, branches may be split before the merging point, resulting in partitions with

multiple input and output channels. These multi-input and multi-output partitions
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Algorithm 2 Automated Partitioning Algorithm

1: Input: G, RF P GA, L, Lallowed

2: Output: Pfinal

3: P ← InitialPartitions(G,L, Lallowed) ▷ Randomly create L+ 1 initial partitions
4: changed← true
5: while changed do
6: changed← false
7: for each partition p in P do
8: if IsInvalid(p,RF P GA) then ▷ Check partition resources with min. parallelism
9: if |p| > 1 then

10: P ← SplitPartition(P, p, Lallowed) ▷ Further split the invalid partition
11: changed← true
12: break ▷ Restart loop as partition set P has changed
13: else
14: Terminate ▷ Sinlge-layer partition exceeds resources

15: if changed then continue

16: for each partition p in P do
17: if IsRedundant(p) then ▷ Check for very small partitions
18: if CanMergeWithAdjacent(p,RF P GA) then ▷ Check feasibility based

heuristics
19: P ← MergePartition(P, p) ▷ Merge with an adjacent partition
20: changed← true
21: break ▷ Restart loop as partition set P has changed

22: Pfinal ← P
23: return Pfinal

create additional demands on memory bandwidth, requiring careful coordination to

manage off-chip memory access and avoid bottlenecks. Furthermore, balancing the

workload across these fragmented partitions is essential to maintain overall throughput,

as imbalanced partitions can lead to inefficiencies and underutilized FPGA resources.

To address the second challenge, we designed a set of splitting strategies to ensure

that partitions are structured to minimize memory overhead and optimize dataflow,

while also enabling a more manageable partitioning outcome. Below we present the three

partitioning strategies that we employ during graph splitting:

• Split After Branch Merging Point. This approach involves splitting the model

graph immediately after a branch merging point, thereby keeping each branch intact.

To ensure the branches are correctly handled and synchronized at the merging

layer, a FIFO buffer is introduced to the branch with the higher processing rate.

The size of this buffer is determined by analysing the production and consumption
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rates of each layer in both branches. Utilising this information, along with the

workload each layer processes and the level of parallelism employed, the rates at

the merging point for both branches can be inferred. Based on these rates, the

buffering requirements for the branch with the higher rate are calculated to prevent

potential deadlocks or stalls in the pipeline. By preserving the full structure of the

branches, this strategy facilitates parallelism while maintaining efficient dataflow

across partitions. A visualization of this splitting strategy is depicted in Figure 4.3.
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Fig. 4.3 Partitioning the model graph after a branch merging point. The branches remain
intact, with a FIFO buffer added to the higher-rate branch to synchronize dataflow and
prevent pipeline deadlocks.
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• Split Before Branch Merging Point or Mid Branch. This partitioning

strategy involves dividing the model graph either before or within a branch. By

splitting before the branch merging point or mid branch, the partitioning generates

at least one sequential-like segment, which reduces on-chip memory usage as no

additional buffering is required to synchronize the branches. The first partition will

have multiple outputs aligned to the branches, and the second will have multiple

inputs to feed the merging node. This approach introduces a multi-input and

multi-output partitions, requiring multiple off-chip memory connections. Special

care must be taken to manage memory bandwidth effectively to prevent bottlenecks

and ensure efficient dataflow across partitions. A visualization of this splitting

strategy is depicted in Figure 4.4.
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Fig. 4.4 Partitioning before the branch merging point or mid branch generates two
partitions: one multi-output sequential partition and one multi-input partition that
includes the merging node. This approach reduces on-chip memory usage by avoiding
extra buffering, while the multi-input, multi-output partitions require careful management
of memory bandwidth due to multiple connections to off-chip memory.

• Split at “Bottleneck” Layers. This strategy targets layers within the model that

are known to cause performance degradation, such as bottleneck layers. These layers

are specified by the user through hints on allowed layers for graph partitioning,

as outlined in Challenge 1 above. For instance, the global average pooling layer
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in the squeeze-and-excitation module of the X3D model can significantly slow

down processing. By splitting the graph at these bottleneck layers, the output of

the problematic layers is directed straight to off-chip memory, allowing the next

partition to load the data after reconfiguring the FPGA. This approach enables

the bypassing of bottlenecks but also requires careful management of memory

bandwidth, as both multi-input and multi-output partitions may be generated. A

visualization of this splitting strategy is depicted in Figure 4.5.
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Fig. 4.5 Partitioning at bottleneck layers directs output data straight to off-chip memory
for the next partition. This strategy helps bypass performance bottlenecks but requires
managing the memory demands of multi-input and multi-output partitions.

These partitioning strategies allow the optimiser to efficiently handle complex ar-

chitectures, ensuring that skip connections and branching patterns are maintained or

organized in a way that enhances throughput and resource utilization.
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Figure 4.6 illustrates the overall execution timeline for a model that has been parti-

tioned into 3 partitions. The process begins with the initial configuration of the FPGA

with the bitstream for the first partition, P1. Once configured, the entire batch of B

input samples is processed by this partition. After the first partition completes its

workload, the FPGA is fully reconfigured with the bitstream for the second partition,

P2, which incurs a reconfiguration overhead. This cycle of processing and reconfigura-

tion continues for all subsequent partitions until the final partition, P3, completes its

execution. The total execution time for the entire batch is the sum of the execution

latencies for all partitions and the cumulative reconfiguration overhead, as previously

defined in Equation (3.6). This timeline visually demonstrates how the reconfiguration

penalty is amortized over a large batch size, making this approach highly effective for

throughput-oriented applications.
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Fig. 4.6 Overall execution timeline for a model divided into P partitions. The total
latency is the sum of each partition’s execution latency and the reconfiguration time
between partitions.
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4.4 Performance Evaluation and Results

4.4.1 Experimental Setup

To evaluate the performance of the tool, four state of the art 3D CNN HAR models have

been selected, Slowonly, R(2+1)D-18, R(2+1)D-34, and X3D (as shown in Table 4.2),

five AMD/Xilinx boards: the ZC706 (Zynq-7000 XC7Z045), ZCU104 (Zynq UltraScale+

XCZU7EV), ZCU102 (Zynq UltraScale+ XCZU9EG), VC709 (Virtex-7 XC7VX690T),

and VUS440 (Virtex UltraScale XCVU440), to demonstrate the ability of the tool to

target multiple 3D CNN with different workloads and network parameters on a variety

of platforms. The justification behind choosing the specific 3D CNN models is already

discussed in Section 4.2. The specific devices were chosen as evaluation platforms to

represent a hierarchical scaling of resources, ranging from smaller-scale devices like the

XC7Z045 to larger-scale devices such as the XCVU440, as illustrated in Figure 4.7.

This selection allows us to comprehensively evaluate the performance and scalability of

our proposed designs across target platforms of varying resource capacities, as shown

in Figure 4.8. The C3D model was also included to provide direct comparisons with

existing works, the majority of which are hand-tuned, model-specific architectures and

not toolflows. Vitis HLS and Vivado Design Suite (2021.2) were used, while the reported

resource results are after place and route at 160 MHz clock frequency. The arithmetic

precision used was 16-bit fixed point arithmetic with Q8.8 format. The accuracy of the

HAR models is evaluated on UCF-101, following the same strategy as prior studies [1, 97].

The ONNX models used for all the experimental results have been exported from [122] for

C3D, Slowonly, and X3D-M models, and from [123] for R(2+1)D-18 and R(2+1)D-34.

4.4.2 Performance Evaluation

Accuracy of Modelling

To evaluate the quality of the performance predictor a series of experiments was conducted.

Four partitions were chosen to cover the variety of produced graph structures (i.e. branch,

sequential, multi-inputs, multi-outputs). The relative error was used to measure the

difference between the predicted and actual throughput. The relative errors for the

four aforementioned types are 12.89%, 5.03%, 11.92%, and 17.32% respectively, giving
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Fig. 4.7 Resource availability across different FPGA platforms: (a) Comparison of DSPs
and BRAMs, showcasing the computational and memory capabilities; (b) Comparison of
FFs and LUTs, highlighting the logic resources available.
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Fig. 4.8 Throughput (GOPs/s) of fpgaHART-generated designs on 3D CNN HAR
models delivering high-throughput results on a variety of FPGA devices

a geometric mean relative error of 10.75%3. We found that the above errors are small

enough to lead to meaningful design space exploration.

Performance Evaluation

Figure 4.8 displays the performance in GOPs/s (with a batch size of 100) of the fpgaHART-

generated designs for the 3D CNN models of Table 4.2, which details their unique

characteristics, on a variety of FPGA devices. Such batch sizes are frequently encountered

in practise when generating multiple views and clips over time and averaging them to

improve the performance of the predictions, as previously described in Section 2.3.3.

Even larger batch sizes may be required for multi-person HAR systems that evaluate

each person’s actions independently, as well as for large-scale systems that simultaneously

analyse several videos. As expected, the performance of the proposed designs correlates

with the available resources of the targeted FPGA devices, following a similar trend to

the hierarchical scaling of resources across the platforms (Figure 4.7).

To provide a more detailed runtime profile, Table 4.3 presents a comprehensive

breakdown for the C3D model executing on the ZCU102 platform. The model is

divided into seven distinct partitions by our automated strategy, each with a different

number of layers and computational workload. The table details the performance of each

3geometric mean was used as these structures can be found simultaneously in a single 3D CNN
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partition, showing variance in metrics like latency and throughput, which reflects how

the optimiser balances the workload against resource constraints. Crucially, the table

quantifies the impact of batching on performance. For a batch size of 1, the total latency

is 0.7878 seconds. This includes the compute time and the reconfiguration overhead

between partitions. As the batch size increases to 100, the overall throughput improves

significantly from 49.13 GOPs/s to 130.84 GOPs/s. The values in the “Latency (s)”

and “Throughput (GOPs/s)” columns are calculated based on Equations (3.4) to (3.6).

This demonstrates how the fixed cost of reconfiguration time is effectively amortised

across a larger number of inferences, validating the use of large batch sizes in our

throughput-oriented evaluations.

Table 4.3 Detailed runtime profile of the fpgaHART-generated C3D accelerator on the
ZCU102 platform. The table provides a partition-level breakdown of key performance
metrics and illustrates the effect of different batch sizes on total latency and throughput,
highlighting the amortisation of reconfiguration overhead.

Partition Num Layers Cycles
Pipeline Depth

(Cycles)
GOPs

Latency
(s)

Throughput
(GOPs/s)

1 7 12845056 159353 12.158 0.0812 149.58
2 2 3612672 41488 5.549 0.0228 242.96
3 3 5724310 22678 11.1 0.0359 309.03
4 2 3150384 14864 2.775 0.0197 140.27
5 3 6855044 8540 5.549 0.0428 129.35
6 2 7173166 3490 0.791 0.0448 17.63
7 8 7187593 5551 0.791 0.0449 17.61

Total Sum
(Avg)

27
(3.8)

46548225
(6649746.4)

255964
(36566.2)

38.61
(5.5)

0.2925
(0.0417)

1006.45
(143.77)

Batch 1 27 46548225 255964 38.61 0.7878 49.13
Batch 30 27 1396446750 255964 38.61 9.2246 125.91
Batch 100 27 4654822500 255964 38.61 29.5895 130.84

The placement of fpgaHART in comparison to the rest of the existing works is outlined

in Table 4.4, where the fpgaHART results are reported using ZCU102 as the FPGA

board. A conclusion readily apparent from Table 4.4 is that fpgaHART is capable of

delivering competitive performance on several 3D CNNs that have not been previously

addressed and have a broad set of workloads and network parameters.

Figure 4.9 presents the current state of the Pareto front expressed in terms of Top-1

accuracy (%) over throughput (clips/s), where the fpgaHART generated designs were

derived targeting the VC709 FPGA board. The results demonstrate that the fpgaHART

models have pushed the Pareto front, delivering solutions that balance high throughput
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and high accuracy, as illustrated in the graph. A detailed discussion is provided below,

organized by model type:

• C3D: The designs of fpgaHART demonstrate competitive throughput compared to

the rest of the existing works for the C3D model. Specifically, the proposed design

achieves 2.39×, 2.11×, and 2.15× higher throughput than Fan et al. [109], Fan et

al. [110], and Sun et al. [116], respectively. However, compared to Liu et al. [113],

our design falls short by a factor of 1.96. A comparison with Shen et al. [2] is not

feasible as they utilize a different, smaller variant of the original C3D model [3]

used in the other works.

• R(2+1)D-18 and R(2+1)D-34: Compared to the only prior work targeting this

model by Sun et al. [116], our proposed solution achieves 1.86× higher throughput.

For the R(2+1)D-34, a larger variant of the same architecture, the throughput, as

expected, decreases by 1.83× times compared to its smaller counterpart, but this

is accompanied by a notable improvement in Top-1 Accuracy, which increases by

3.61pp.

• E3D: This model, introduced by Fan et al. [111], was developed through a co-design

approach that tightly couples the architecture of the 3D CNN model with the

characteristics of the underlying FPGA design. As a result, the hardware and model
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are highly optimized for each other. Unfortunately, the authors have not made

the model’s weights or architecture publicly available, making a direct comparison

impossible.

• SlowOnly: A direct comparison for this model is not available. The SlowOnly

model is a high-performance architecture, achieving a Top-1 Accuracy of 94.54%.

However, its heavy computational workload of 54.9 GMACs limits its throughput

to 3.72 clips per second.

• X3D: The X3D model is another high-performance architecture, achieving a Top-1

Accuracy of 96.52%. Its efficient design and relatively small computational workload

enable a throughput of 17.24 clips per second. Apart from the designs discussed

in the previous chapter, there are no other prior works targeting this network. A

detailed comparison with the designs of Chapter 3 is provided later in this section.

The results collectively showcase fpgaHART’s ability to push the Pareto front across

different model types, delivering solutions that achieve both high accuracy and high

throughput tailored to the unique characteristics of each model.

Comparison versus GPU

Comparing the results for the C3D model (batch size 30, targeting the ZCU102 board)

to the Nvidia RTX 2060—a mid-range GPU with 1920 CUDA cores and a 1.2 GHz

clock speed—the proposed architecture achieves a throughput of 4.42 clips/s, whereas

the GPU delivers 43.49 clips/s. However, the proposed solution consumes only 26 W,

significantly less than the GPU’s 77.28 W (excluding the additional CPU power required

by a GPU system), resulting in an efficiency of 0.17 clips/s/watt compared to the GPU’s

0.56 clips/s/watt. The GPU power estimates were obtained using the nvidia-smi tool,

while the FPGA power estimates were derived from Vivado tool estimations.

X3D Comparison Across Chapters

When comparing the throughput performance of the X3D model between this chapter

and the previous one, a modest decline can be observed with throughput dropping from

18.72 clips/s in Chapter 3 to 13.44 clips/s in the current chapter. This difference is due

to various methodological adjustments made in this chapter’s automated optimisation

process, which, while resulting in slightly lower throughput in this situation, does not

undermine the effectiveness of the fpgaHART toolflow for a variety of reasons.
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To begin, the automated Design Space Exploration (DSE) used in fpgaHART presents

a broader and more flexible search method, systematically exploring reconfiguration

points throughout a much larger design space. Unlike the manual partitioning employed

in the previous chapter, this automated approach optimises across multiple configurations

using a heuristic algorithm, which can occasionally result in a local minima. As a result,

even though the high-performance configuration identified manually in Chapter 3 is part

of the design space, it may have not been examined during the DSE, leading to the noted

throughput difference. However, this automated approach is advantageous for scaling

across various architectures, even if it introduces slight variations in results.

Furthermore, the refined performance and resource models used in this chapter

have some effect on the DSE outcomes. These models are more accurate in predicting

performance and resources, but they differ from those employed in Chapter 3, making a

direct comparison across chapters quite challenging.

Secondly, the refined performance and resource models introduced in this chapter play

a significant role in shaping the DSE outcomes. These models offer improved accuracy in

predicting performance metrics, but they differ from those used in Chapter 3, making

a direct comparison between chapters invalid. Even if in this specific case of X3D the

updated models yield slightly lower throughput predictions, they provide more precise

insights into the design space.

In conclusion, while the throughput for X3D in this chapter is slightly lower, this

discrepancy reflects the current approach’s greater adaptability and precision, across

diverse models and FPGA platforms. The advances gained in automating the optimisation

process and refining prediction models contribute to fpgaHART’s long-term potential

for high-throughput applications, even if minor variations in performance may arise in

certain cases, such as the X3D model.
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4.5 Conclusions

In this chapter, we introduced fpgaHART, a throughput-oriented toolflow designed to

automate and optimize the deployment of 3D Convolutional Neural Networks (CNNs)

on Field-Programmable Gate Array (FPGA) platforms. Targeted for high-throughput

applications, fpgaHART expands the design space by enabling the exploration of optimal

reconfiguration points and supporting finer-grained partitioning options during model

partitioning, while also automating the process to streamline optimization and deployment.

The main contributions of this chapter include:

• Development of fpgaHART Toolflow: fpgaHART was introduced as a comprehensive

solution for mapping 3D CNNs onto FPGAs, capable of adapting to multiple models

and FPGA platforms. This framework extends beyond model-specific optimization,

offering a versatile tool for various 3D CNN architectures targeting throughput-

oriented applications.

• Automated Model Partitioning and Optimisation: The toolflow incorporates an

automated partitioning mechanism that identifies optimal reconfiguration points,

allowing for per-partition optimizations. This approach not only significantly

reduces the need for manual partitioning, which traditionally posed scalability

challenges, but also facilitates the exploration of the expanded design space.

• Performance Evaluation Across Models and Devices: We rigorously evaluated fpga-

HART on multiple FPGA platforms and a variety of 3D CNN models, demonstrating

its adaptability and high throughput potential. The toolflow proved effective in

achieving competitive performance across diverse architectures, establishing a new

standard for scalability in FPGA-based 3D CNN deployment.

With fpgaHART, we developed a throughput-oriented solution that not only reduces

the time and resource costs of manual optimization but also adapts to complex 3D

CNN structures with branching and skip connections. While fpgaHART demonstrates

substantial advancements in throughput and resource efficiency, certain challenges remain.

The expanded design space introduced by automated partitioning requires sophisticated

exploration strategies, which can impose higher computational resource and time demands.

Moreover, the emergence of multi-input, multi-output partitions elevates the importance

of carefully managing off-chip memory bandwidth (BW) and on-chip storage to maximize
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model performance. Fine-tuning these constraints holds significant potential for further

gains in throughput and efficiency, marking an exciting direction for future research.

The next chapter investigates these challenges with a focus on optimizing the trade-

off between off-chip memory Bandwidth (BW) and on-chip storage, a crucial factor

in balancing bandwidth and storage demands. This enhancement aims to push the

performance-accuracy frontier for FPGA-accelerated CNN applications.



Chapter 5

Expanding Horizons: Enhancing

CNNs Performance by Leveraging

Off-Chip Memory Utilisation on

FPGAs

5.1 Introduction

Accelerating CNNs on FPGAs usually utilises one of the two main approaches: (1)

designing a unified accelerator architecture and (2) implementing a streaming dataflow

architecture. The unified accelerator approach acts as a “one-size-fits-all” system, aiming

to minimise engineering effort by accommodating multiple types of networks within a

single design [124, 58]. However, this technique frequently falls short of fully exploiting

on the unique characteristics of each model and the resource availability of FPGA devices,

limiting its efficiency primarily because this architecture style is not tailored to a specific

model. In contrast, the streaming dataflow design tailors a layerwise pipeline to each

unique network workload, maximising performance under a specific network configuration.

This approach has proven particularly effective for applications where the model remains

unchanged over time.

Within the streaming architecture paradigm, current research has mostly focused

on optimising computation engines and on-chip memory. Tools like fpgaConvNet [24],

FINN [23], HLS4ML [26] and HPIPE [25] have contributed to automating the generation

of High-Level Synthesis (HLS) or Register Transfer Level (RTL) implementations from
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Fig. 5.1 Model structures of ResNet50 on the ImageNet classification task [4] and UNet
on the CamVid segmentation task [5]. These two models are similar in the number of
weight parameters. However, UNet requires much more computation effort due to a
high input resolution and its lengthy and hierarchical branch connections pose a unique
challenge for streaming architectures.

high-level network descriptions such as ONNX or PyTorch. A typical approach in these

frameworks confines data movement within the FPGA chip: weights are kept statically in

on-chip read-only memory, and activations are carried between layers via First-In-First-

Out (FIFO) buffers and handshake interfaces. This strategy, while effective for small

networks, has significant scalability limitations as models become more sophisticated and

complex.

For example, the widely adopted UNet [36] architecture for semantic segmentation

clearly demonstrates these challenges as show in Figure 5.1. With 130.1 GMACs and

a highly branched, hierarchical structure, UNet necessitates significant buffering and

synchronisation of data streams, which frequently exceeds available on-chip memory.

Similar challenges arise in more modern networks, such as YOLO [125] and X3D [6],

which have millions of parameters and very deep skip connections, spanning up to 60
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layers. These characteristics impose significant constraints when mapping such models

onto FPGA platforms.

Existing streaming architectures primarily focus on optimizing computation engines

and on-chip memory resources but they are often constrained by the limited capacity of

on-chip memory. The applicability of existing toolflows becomes limited when on-chip

memory demands exceed the available resources. However, in such architectures, off-chip

memory is primarily used for data transfers at the input and output pipeline stages,

meaning its utilization remains relatively low. This presents an opportunity to better

leverage off-chip memory when on-chip memory becomes a limiting constraint, hindering

the applicability of such architectures.

This chapter presents a novel memory optimisation strategy rethinking the way both

on-chip and off-chip memory are utilised in layerwise pipelined, streaming architectures.

Building upon the toolflow presented in Chapter 4 (Figure 4.2), it expands it to target a

broader design space. This enhancement allows the optimizer to investigate additional

memory-related options, including activation evictions to off-chip memory (illustrated in

Figure 5.2) and a new capability for weight fragmentation in convolutional layers, which

offloads part of a layer’s weights into the off-chip memory (illustrated in Figure 5.3).

Together, these additions maximize memory efficiency and ensure that larger models and

complex network structures can be accommodated without compromising performance,

aiming to realise the full potential of off-chip memory resources, which have previously

been underutilised.

The key contributions of this chapter are as follows:

• A Streaming CNN Accelerator for Efficient Memory Offloading: We propose a novel

streaming CNN accelerator capable of partially offloading weights and activations

to off-chip memory while minimising stalls in the computation pipeline. To further

optimise off-chip memory transactions, we employ an encoding/decoding scheme,

effectively reducing the off-chip memory bandwidth requirements.

• Subgraph-Based Partitioning Methodology: We present a subgraph-based partition-

ing approach that exploits FPGA reconfigurability to offer design trade-offs between

latency and throughput. Building upon the partitioning strategies introduced in

the previous chapter and integrating the option to offload data to off-chip memory,

this approach is particularly effective in balancing the computational load across

hierarchical and branched network structures.
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• Design Space Exploration (DSE) Strategy: We introduce a DSE technique based

on a greedy, iterative optimisation algorithm. This technique effectively explores

the expanded design space, which incorporates subgraph-based partitioning and

off-chip memory offloading options. By automating the exploration of memory

(on-chip and off-chip) and partitioning configuration options, this approach ensures

efficient resource utilization and high performance, particularly for models with

complex branching and hierarchical structures.

Our proposed method advances the field of FPGA-based CNN acceleration by specifi-

cally focusing on optimising both on-chip and off-chip memory utilisation. This work

paves the way for future research into more efficient and scalable hardware designs,

especially as the demands for high-performance, AI systems continues to grow.

The contributions in this chapter are a collaborative effort, with specific responsibilities

distributed as follows. The core mechanisms for leveraging off-chip memory—namely,

activation eviction and weight fragmentation—originate from Z. Yu’s prior work [126]

and constitute his primary contributions to this study. These techniques are described in

detail in Sections 5.3.1 and 5.3.2. Section 5.4.1 and Figures 5.1 and 5.5 are also Z. Yu’s

contribution. The remaining aspects of the work, are my own contribution.

5.2 Background

In a conventional streaming architecture, the majority of the memory footprint resides

on-chip, where weights are stored in BRAMs and activations are buffered using FIFOs. To

maximize the efficiency of on-chip memory usage, FINN [127] explored the overclocking

of BRAMs, resulting in virtual memory ports to mitigate the mismatches between

desired and available memory shapes, thereby enhancing BRAM utilization. Similarly,

HPIPE [25] adopted a strategy of compressing sparse weight parameters using Run-

Length Encoding (RLE), significantly reducing on-chip storage demands with minimal

decoding overhead during operations. Addressing the constraints of limited on-chip

memory, two recent works [128, 129] have proposed partitioning the computational

workload across multiple FPGA devices, albeit sometimes at the cost of suboptimal

utilization of individual FPGAs.

While single-engine architectures utilise tiling to overcome on-chip storage constraints,

streaming architectures face greater challenges overcoming this limitation, especially

with networks characterized by numerous parameters and lengthy interconnections

necessitating substantial buffering. Our proposed approach extends certain concepts
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introduced in [130, 126] and addresses these challenges through strategic management

of both on-chip and off-chip memory. By selectively offloading weights and activations

to off-chip memory, our method ensures the continuity of the computation pipeline in

streaming architectures, mitigating potential stalls and enhancing overall performance.

The proposed approach is orthogonal to previous methods, offering complementary

strategies to further optimize FPGA-based CNN acceleration.

According to Table 5.1, numerous accelerator architectures emphasize CNN models

targeting image classification tasks. These designs successfully handle widely-used

networks such as VGG [131], GoogLeNet [35], ResNet [9], and MobileNet [38], evaluated

on datasets like MNIST [132], CIFAR [133], and ImageNet [4]. Despite the focus on

image classification, numerous other computer vision applications exist, including object

detection, semantic segmentation, and video or volumetric data analysis. These tasks

generally demand greater computational resources and involve more complex network

architectures, posing significant new challenges for hardware accelerators.

The YOLO [125] family of models represents a set of highly accurate and efficient

object detection algorithms that have become widely popular in computer vision. Utilizing

a one-stage detection strategy, YOLO’s neural network predicts bounding boxes and class

probabilities in a single forward pass. The architecture includes multiple convolutional

layers, detection layers, and a series of deep residual connections, with depths ranging

from 20 to 60 layers. Angel-Eye [58] was among the pioneering efforts to support the

YOLO model on FPGA, implementing an 8-bit quantized CNN backbone executed via a

reconfigurable vector processor, while offloading pre- and post-processing tasks to a CPU.

Nakahara et al. [134] took a similar approach, opting to binarize the YOLO model for

improved hardware efficiency. More recent works, such as HPIPE [135] and SATAY [130],

have focused on accelerating object detection tasks within streaming architectures,

tackling challenges like optimizing high-performance Non-Maximum Suppression and

HardSwish modules.

The UNet model [36] serves as a widely used solution for semantic segmentation tasks,

featuring an architecture that incorporates both downsampling and upsampling operations

to produce accurate segmentation masks. While the acceleration of convolutional layers

has been extensively studied, designing hardware accelerators for UNet requires a focus on

efficient deconvolution algorithms for upsampling. Liu et al. [136] developed parametrised

engines for both convolution and deconvolution, utilizing shared input buffers to optimize

performance. However, deploying UNet in a streaming architecture remains unexplored,

primarily due to the model’s long skip connections between downsampling and upsampling
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layers—ranging from 7 to 40 layers—which necessitate deep on-chip buffers. Additionally,

the substantial workload of 130.1 GMACs poses significant challenges for efficient mapping

onto a streaming architecture.

Table 5.1 Comparison of our work with related works.

Works
Snowflake

[124]
Angle-eye

[58]
Brainwave

[137]
[2] [136]

Vitis AI
[19]

DeepBurning
[138]

FINN
[23]

DeepBuilder
[139]

HPIPE
[25]

SMOF
(Ours)

Architecture Style Single Engine Architectures Streaming Architectures

Classification 6 6 6 6 : 6 6 6 6 6 6

Detection : 6 : : : 6 : : 6 6 6

Segmentation : : : : 6 6 : : : : 6

2D CNN 6 6 6 6 6 6 6 6 6 6 6

3D CNN : : : 6 : : : : : : 6

3D CNNs are often favoured for interpreting temporal information across video frames,

due to their additional convolutional dimension. Shen et al. [2] proposed a template-based

architecture that supports both 2D and 3D CNN models, leveraging the Winograd [140]

algorithm to significantly reduce the number of multiplications required in convolutions,

thereby lowering overall computational complexity. They also introduced an analytical

approach to efficiently explore the design space and identify optimal tiling strategies. The

fpgaHART framework, discussed in the previous chapter, evaluated a variety of 3D CNN

models using streaming accelerator architectures. Nonetheless, neither of these methods

could accommodate networks such as 3D UNet, which pose significant challenges due to

their extensive on-chip buffer requirements caused by long skip connections and a heavy

computational workload of 918.64 GMACs.

Existing streaming architecture accelerators have established a strong foundation

for addressing the memory and computational challenges of various CNN architectures.

However, the challenges posed by modern networks, such as YOLO, UNet, and X3D,

highlight specific gaps that this chapter aims to address. For instance, the extensive

on-chip buffering requirements of these models’ long skip connections underscore the

limitations of current methods in managing on-chip memory effectively. Our approach

directly tackles these challenges by integrating off-chip memory management mechanisms

into streaming architectures. The proposed activation eviction and weight fragmentation

techniques mitigate the memory bottlenecks associated with long skip connections and

large parameter sets. Furthermore, the extended partitioning strategy enables the

efficient mapping of networks with hierarchical structures and extensive branching, as

demonstrated in our evaluation of 2D and 3D CNNs in Tables 5.1 and 5.5. By addressing

these challenges, this chapter bridges the gap between the limitations of existing methods

and the growing demands of advanced computer vision tasks.
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5.3 Methodology

In this section, we propose and formalize a threefold strategy to mitigate the on-chip

memory bottlenecks commonly encountered in streaming architectures. This strategy

is an extension of the toolflow presented in Chapter 4, providing additional flexibility

and scalability through an expanded design space. To address these challenges, we

introduce three innovative design choices: activation eviction, weight fragmentation, and

an enhanced partition reconfiguration strategy that integrates off-chip memory offloading

to manage computational loads more effectively in hierarchical and branched network

structures. Activation eviction is designed to strategically offload and manage activations,

reducing the on-chip memory resources and minimising the occurrence of stalls between

the computational operations. Weight fragmentation optimizes the handling of large

and dense weight matrices by breaking them into static and dynamic regions, allowing

the weights in the dynamic regions to be loaded from the off-chip memory at runtime.

Finally, partition reconfiguration enables the adjustment of the computational graph,

allowing the comprehensive exploration of the trade-off between latency and throughput.

Together, these strategies extend the toolflow’s capabilities, enhancing its adaptability

to diverse CNN model requirements and effectively managing both on-chip and off-chip

memory.

5.3.1 Activation Eviction

In streaming design toolflows, the CNN workload is abstracted to a Directed Acyclic

Graph (DAG) where nodes represent operations like convolution, pooling, and activation

functions, while edges represent the data flows between these operations. One critical

aspect in streaming architectures is to minimise the occurrence of stalls between the

computational operations. In the case of sequential connections between nodes, buffers

are inserted to address any instantaneous rate mismatches that might occur between

consecutive operations, as the operations may produce or consume a burst of data to

sustain their continuous execution.

Moreover, in instances where the DAG branches into multiple computational paths,

the role of buffers becomes even more critical. Branch connections entail diverging paths

where different computational branches may operate at varying throughputs or exhibit

different processing latencies. Buffers placed at these branching points prevent a fast



118 Off-Chip Memory Optimisation Strategies

Fig. 5.2 Activation eviction. For the long skip connection, instead of being held in the
on-chip buffer, the activation data is pushed to off-chip memory. We support lossless
encoding schemes, such as RLE and Huffman, to save the off-chip bandwidth.

branch from overwhelming a slower branch. These buffers help maintain a balanced data

flow, enabling synchronisation between branches and preventing potential deadlocks.

To reduce the on-chip memory resources required by implementing these buffers,

we propose the eviction of a subset of activation data to the off-chip memory instead.

Specifically, the original deep buffer with the depth of db, introduced in “Split After

Branch Merging Point” in Section 4.3.2, is replaced with the circuit shown in Figure 5.2,

which only contains two small FIFOs to only hold the data chunk enough for a DMA

burst, and the remaining activation data are pushed off-chip. At the host side, pointers

are used to manage the head and tail positions of the evicted activation data.

An important question to answer is at which edge should the eviction be applied. A

considerable number of design choices are available, as we can choose to evict the edge of

any two connected nodes. Let us start with establishing the trade-off between on-chip

and off-chip memory resources for transferring activations in the streaming architecture.

If we denote the total depth of the two small FIFOs after eviction as d′b and compare

it with the original buffer depth of db, the saving in buffer depth will be:

∆db = db − d
′
b, s.t. db > max(d′b, tdb) (5.1)

In this equation, we also apply an extra constraint that the original buffer depth db must

be larger than the delay of DMA transfers tdb. Otherwise, the eviction will cause extra

stalls in the computational pipeline, downgrading the overall performance. The width of

the buffer is determined by the activation word length multiplied by the parallelism in

the input channels, wordlengthact × c
in.
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On the other hand, the extra off-chip bandwidth required, including both writing and

reading, after the eviction can be calculated as,

∆BWb = r ∗ c̄ ∗ (1 + ³) (5.2)

where the average data rate is represented as r (words/cycle). Let us use c̄ to denote the

average compression ratio for DMA transfers, as activations can be encoded losslessly

using formats such as Run-Length Encoding (RLE) or Huffman.

Note that the compression ratio for activation data actually varies on different input

images. At design time, we use the average ratio to estimate the bandwidth requirement,

and we will analyse the deviation of this estimation and its performance impact at the

end of Section 5.5.3.

In Equation (5.2), ³ is a penalty factor for the reading bandwidth, with a value that

is always larger than or equal to one. The penalty factor ³ becomes greater than one

when data ordering when reading and writing to the buffer differs. This scenario typically

occurs when the parallelism factors of reading and writing on the buffer are mismatched,

necessitating a reordering of the data. Such reordering transforms the off-chip reading

into random access, which incurs a bandwidth penalty.

Overall, Equations (5.1) and (5.2) are utilised to quantify the trade-off between

on-chip and off-chip memory resources for transferring activations in the streaming

architecture. The relationship is captured by the ratio Λ ∗ ∆db/∆BWb, as further

elaborated in Section 5.4.2, where the ratio of this trade-off is used to determine where

the activations should be evicted.

5.3.2 Weight Fragmentation

As a common practice in streaming architectures, convolution operations require the

corresponding weight parameters completely stored on-chip. Each operation is assigned

its own dedicated memory block so that these operations can be parallelised and pipelined.

As a way to reduce on-chip memory requirements, a memory fragmentation scheme is

introduced, where the original weight memory of depth dw, is now fragmented into static

and dynamic regions, as Figure 5.3 shows.

Weights in the static regions are fixed and read-only, and these static regions are

concatenated together to be stored in a continuous, physical on-chip memory space; while

weights in the dynamic regions need to be loaded from off-chip memory at runtime, sharing
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Physical MemoryLogical Memory

dw

(1-m)dw

Static Region

Dynamic Region

Fig. 5.3 Weight fragmentation. The original weights with depth of dw is fragmented
into static and dynamic regions. Weights in the dynamic regions are loaded from the
off-chip memory at runtime, sharing the same piece of physical memory space in a
time-multiplexed manner. The ratio of dynamic regions is denoted as m.

the same physical memory space in a time-multiplexed manner. The computational

pipeline iteratively consumes the weights from either the static or dynamic regions.

For each convolution operation, the ratio of its dynamic regions m ∈ [0, 1] is a tunable

design parameter, where m = 0 refers to the situation that all weights are static and no

off-chip loading is required, while m = 1 represents moving everything to off-chip instead.

Given this ratio, we can represent the saved on-chip memory depth as

∆dw = m ∗ dw, (5.3)

where dw denotes the original memory depth before fragmentation and the width of

the buffer is determined by the weight word length multiplied by the parallelism in the

input and output channels as well as the parallelism in the dot product calculation,

wordlengthweight × c
in · cout · f .

Meanwhile, the required off-chip memory bandwidth to load the dynamic regions can

be represented using the following equation:

∆BWw = m ∗ r ∗ c̀, (5.4)
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where the computational pipeline consumes weights at the rate of r (words/cycle), and

similar to activations, weights can also be encoded with compression ratio c̀, reducing the

required bandwidth, but, in contrast to activations, this ratio is known at compile-time

for weights.

The decision of which convolutional layers should have their weights fragmented,

and by how much (i.e., the value of the fragmentation ratio m), is a critical part of the

automated optimisation process. This is not a manual choice but is determined during

the Design Space Exploration (DSE) stage of the toolflow. More details in how this ratio

is tuned are provided in Section 5.4.2.

5.3.3 Partition Reconfiguration

The runtime reconfiguration capability of FPGAs enables the CNN workload to be

divided into multiple sequentially processed partitions, for enhanced resource utilization

and performance [24]. As detailed in Section 3.4.2, the SDFG G of the target CNN is

divided into P partitions, each processing the workload of a certain part of the model.

Based on the batch size B, the initiation interval IImax, and the pipeline depth DPi
as

they have been described in Chapter 3, we are able to infer the throughput (Equation 3.6)

of each partition and of the complete model.

Figure 5.4 illustrates the techniques employed to modify the computation graph.

Graph partitioning, as thoroughly discussed in Section 4.3.2, is enabled, along with

fragmentation or eviction at any arbitrary point, provided the following three constraints

are satisfied:

1⃝ on-chip resources: Each partition’s utilisation of on-chip FPGA resources, including

Digital Signal Processing Blocks (DSP), Look-Up Tables (LUT), Flip-Flops (FF), and

Block RAM (BRAM), must adhere to the limits imposed by the FPGA device.

2⃝ compute dependency: Partitions are scheduled to execute sequentially on a single

FPGA device in a time-multiplexed manner. Therefore, it is crucial to maintain the

correct sequence of computations. For any node within a partition, all of its producers

must either reside within the same partition or have already been executed in a previously

scheduled partition.

3⃝ off-chip bandwidth: The off-chip bandwidth utilisation of each partition, comprising

the partition’s inputs and outputs, as well as the overhead related to activation eviction

and weight fragmentation, must comply with the bandwidth limitations of the FPGA

device to prevent bottlenecks or performance degradation.
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(a) Graph splitting strategies.
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(b) Graph off-chip streaming
strategy.

Fig. 5.4 Graph manipulation strategies. Figure 5.4a showcases the graph partitioning
strategy into multiple partitions for different reconfiguration points. In Figure 5.4b the
off-chip streaming strategy is presented, utilising the activation eviction method. By
streaming the long skip connections to off-chip and reading back from it on merge points
the graph can fit into the device without needing multiple partitions and hence device
reconfiguration.
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While the first two constraints—on-chip resource utilization and compute depen-

dency—are hard constraints that must be strictly satisfied to ensure correct functionality,

the third constraint, off-chip bandwidth, is a soft constraint. Exceeding the available

off-chip bandwidth does not make a design invalid but can lead to reduced performance

due to stalls caused by communication delays with the off-chip memory. This distinction

is critical to understanding the trade-offs during the partitioning process, where designs

violating bandwidth constraints may still be viable, albeit at a cost to performance as

discussed in detail in Section 5.5.3 and showcased in ??.

Graph partitioning or fragmentation/eviction are not exclusive, and they can be

combined together for the optimal performance and resource trade-off, leaving a large

design space to explore. We will elaborate our exploration algorithm in Section 5.4.2.

5.4 Implementation

In this section, we present an overview of the implementation details of our proposed

system architecture, highlighting the key components and methodologies that contribute

to its efficiency. We discuss the specifics of our Design Space Exploration (DSE) optimiza-

tion strategy and introduce a revised method for calculating and modelling the pipeline

depth of the computation graph, which is essential for understanding and predicting

the performance of the streaming architecture on models with excessive and deep skip

connections.

5.4.1 System Architecture

We incorporate the proposed approach with an open-source toolflow, fpgaConvNet [24].

We use fpgaConvNet as a code generator that translates a PyTorch description of the

CNN to the RTL files, and stitches those files together to build the computational

pipeline.

As with other existing streaming architectures, the computation pipeline generated

by the original fpgaConvNet toolflow restricts most data access to on-chip memories.

When incorporating activation eviction, we keep the hardware of the computation nodes

unchanged and modify their connections as in Figure 5.2 which exposes two additional

DMA ports. In the case of weight fragmentation, the original on-chip memory block is

reduced as in Figure 5.3 and the shared buffer for the dynamic regions is connected to

one read-only DMA port.
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model UNet
batch size 1

latency 47 ms
throughput 21 fps

DSP 6062 (89%)
BRAM 3654 (85%)
URAM 864 (90%)
LUT 1040K (88%)
FF 841K (36%)

BW 225Gbps (37%)

Fig. 5.5 A streaming accelerator design example with the proposed memory optimisation
methodology, where the weights of the layer Conv_22 are partially offloaded to off-chip,
and the long skip connection between Relu_3 and Concat_47 is also evicted to off-chip.

The encode/decode modules are attached to the DMA ports if requested, with support

for both RLE and Huffman schemes. These schemes were chosen for their widespread

use, the availability of FPGA implementations, as well as their relatively low resource

overheads, as demonstrated in Table 5.4. A more detailed discussion on the impact of

the two encoding schemes can be found in Section 5.5.3. If the total number of required

DMA ports is more than the available DDR banks, time-multiplexing is applied.

Figure 5.5 presents a UNet design example with the layer-wise computation pipeline

and the off-chip memory connections visualized. The input images are fed into the

pipeline through Conv_0, and the segmentation masks are generated from Conv_52 which

is the last layer. As the figure shows, weight fragmentation is applied to Conv_22, which

reduces the URAM usage of this convolutional layer from 256 to 192, saving 18 MB

on-chip memory at a cost of 21K LUTs for decoding and 221 Gbps bandwidth. In

addition, activation eviction is applied between Relu_3 and Concat_47 which further

saves 926 BRAMs, equivalent to 16 MB on-chip memory, at a cost of 2.8 Gbps and

negligible LUT overhead.
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5.4.2 DSE and Optimisation

To obtain a design like Figure 5.5, there are the following design choices that need to be

decided:

• how many partitions should we have after partitioning?

• how should on-chip resources be allocated along the computation pipeline?

• where should activation eviction be applied?

• where should weight fragmentation be applied and how should the fragmentation

ratio be decided?

The above four factors can be formulated into an optimisation problem, where the

objective is to maximize the system’s throughput T (G) (Equation 3.6) or minimize

the latency L(G) (Equation 3.5) for a given model graph G, subject to the FPGA

device constraints of on-chip resources RF P GA and off-chip memory bandwidth BW .

When there is only a single partition, these objectives align, as maximizing throughput

inherently minimizes latency. However, with multiple partitions, trade-offs arise between

these objectives, hence we define two different optimisation objectives, one for minimizing

latency and another one for maximizing throughput:

min
Vn

L(G), s.t.
∑

n

R(n) f RF P GA,
∑

n

BW (n) f BW

∀n ∈ P,∀P ∈ G (5.5)

min
Vn

(−T (G)), s.t.
∑

n

R(n) f RF P GA,
∑

n

BW (n) f BW

∀n ∈ P,∀P ∈ G (5.6)

where G, P, n represent the graph, partitions, and nodes respectively. In the above

formulation, we use a −T (G) to convert throughput into a minimization objective,

ensuring that higher throughput contributes positively to the optimization goal.

For each individual node, its design options are represented by the vector Vn, which

consists of a set of tunable compile-time optimization parameters including:

• binary flags si, so indicating if the current node is the input or output of a partition,
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• the operation parallelism p,

• binary flags ai, ao indicating whether its input or output activations are evicted

off-chip,

• weight fragmentation ratio m.

Determining the values of the vector Vn is part of the Design Space Exploration (DSE)

process. fpgaConvNet proposed a greedy algorithm [141] to identify the optimal operation

parallelism p, and in this work, we extend this algorithm to cover the exploration of

the additional design choices that are related to off-chip memory. Specifically, our DSE

algorithm includes the following passes:

1⃝ resource-minimal initialisation: we start the DSE with the configuration that has

minimal resource requirement. Specifically, we can partition the target DAG into as many

partitions as possible, and inside each partition, each node is also set as it’s minimal

parallelism level. Users can also constrain the partitioning positions by specifying only

the certain types of operation that can become the partition inputs/outputs, with the

trade-off between DSE time and quality.

2⃝ compute parallelism allocation: for the computation pipeline in a partition, it is

preferable to increase the parallelism of the slowest operation so that the pipeline initial

interval IImax (Equation 3.4) can be reduced. Whenever the parallelism of the slowest

operation cannot be further increased, we move on to other operations and allocate

compute resource there if it helps reduce pipeline depth DPi
.

3⃝ on-chip memory allocation: on an AMD Xilinx FPGA device, BRAMs and

LUTRAMs are typically available to be the on-chip memory, as well as URAMs on

certain devices. These on-chip memory resources are configured to store weights and

activations as required. Our algorithm balances the utilisation ratios among resource

types and also optimises utilisation efficiency considering that these on-chip memory

resources can only be configured with specific width and depth ratios.

4⃝ off-chip bandwidth allocation: this pass decides the binary flags ai, ao for activation

eviction and also the weight fragmentation ratio m. All the nodes in the partition,

are sorted by the heuristic metric Λ ∗ ∆d/∆BW , in which Λ denotes the data word

length, while ∆d and ∆BW denote the change in the on-chip memory depth (∆db

from Equation (5.1) and ∆dw from Equation (5.3)) and off-chip memory bandwidth

(∆BWb from Equation (5.2) and ∆BWw from Equation (5.4)) respectively. A large

quotient indicates significant savings for the on-chip memory with a relatively small cost
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in off-chip memory bandwidth, so the off-chip memory bandwidth will be allocated for

that node with priority.

5⃝ partition merging: since we start with splitting the DAG into as many partitions

as possible, this pass focuses on the merging of the partitions. When we merge two

partitions, the total device reconfiguration time is reduced since there are fewer partitions,

however, the merged partition usually has less parallelism due to the device resource

constraint, or in an extreme case, the merged partition might not fit on the target FPGA

device at all. Therefore, this pass considers the performance estimation before and after

any potential merging and takes the decision based on which configuration yields better

performance whilst not exciding the FPGA available resources.

The above passes are combined in an iterative manner, as Algorithm 3 shows, allowing

the algorithm to refine the design configuration incrementally. Eventually, the DSE

process identifies the optimal design configuration which is used to generate the RTL

code.

Algorithm 3 Design Space Exploration

Require: G,B ▷ CNN graph, batch size
Require: RF P GA, BW, treconfig ▷ on-chip rsc, bandwidth, reconf time
P ← initialize(G) 1⃝ ▷ resource minimal partitions
for P ∈ G do

while
∑

nR(n) f RF P GA and
∑

n BW (n) f BW do
alloc_parallel(P , RF P GA) 2⃝
alloc_on_chip(P , RF P GA) 3⃝
alloc_off_chip(P , BW ) 4⃝

merge_partition(Pi,Pj) ∀Pi,Pj ∈ G 5⃝

The proposed algorithm leverages its greedy nature, combined with carefully selected

heuristics, to iteratively optimize the trade-offs between on-chip memory allocation

and off-chip bandwidth utilization. The systematic partitioning and merging of model

sub-graphs enables a fine-grained exploration of the design space, ensuring that resource

constraints are respected while maximizing performance by exploring trade-offs between

latency and throughput. This approach strikes a practical balance between computational

efficiency and memory utilization, addressing the scalability challenges posed by modern

CNN model architectures consisting of complex branching and hierarchical structures.
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5.4.3 Pipeline Depth Estimation

Given the importance of pipeline depth in influencing both the overall performance of a

design for a computation graph G and its impact on memory resources, we propose a

revised approach to estimate pipeline depth, expanding upon the buffering introduced

in Chapters 3 and 4. The accurate estimation of pipeline depth is critical because it

directly affects the calculation of the buffering needed in branches, which has a significant

impact on the on-chip memory utilisation. During DSE, where we search for optimal

designs, an overestimation of pipeline depth may lead to discarding designs that are

practically feasible, while underestimation can result in designs with deadlocks caused by

insufficient buffering in the branches. To begin, the pipeline depth for each node n, of a

graph G, is closely related to its initiation rate rst(n), which determines the rate of a

node during the initial stages of its execution within the pipeline. Notably, this initiation

rate differs from the rate sustained during the remaining execution of the layer. This

rate is calculated based on the interval preceding the node, expressed as:

Intervalprev(n) = max(¼a +Da) ∀a ∈ ancestors(n)

where ancestors(n) denotes all nodes directly preceding node n in G, ¼n represents the

latency for node n, and Dn indicates its pipeline depth. This latency estimation ¼n is

derived using performance models adapted from fpgaConvNet [24], specific to each layer

type.

The initiation rate rst(n) is then defined as follows:

rst(n) =











rin
n ancestors(n) = ∅

Sin
n

Intervalprev(n)
otherwise

where rin
n is the input rate or consumption rate of node n, and Sin

n denotes the size of its

input feature map. This calculation helps clarify the variation in initiation rate within

specific pipeline regions, as illustrated in Figure 5.6. The waveform shows an annotated

segment of a synthesised design, depicting different computation regions in which the

rate of a given layer varies based on the region it resides. Notably, the initiation rate

rin
n , is observed in the pipeline depth region, contrasting with the input rate rin

n at the

remainder of the execution.
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The cumulative delay for a node n within the graph G is subsequently determined

using:

Delay(G, n) =
max(PG(N in

G
,n))

∑

i=0

Dn

rst(i)

where the function PG(src, trg) enumerates all the valid paths in the graph G originating

from the source node (src) and terminating at the target node (trg). This refined delay

estimation for each node captures the variable initiation rates across different regions of

the computation.

In conclusion, the equation below presents a refined model for the fpgaConvNet’s

pipeline depth estimation, as was previously described in Equation 3.4 with the term D.

The updated estimation accounts for the distinct rates present in each layer’s computation.

This revised version aligns more closely with the actual hardware implementation, offering

a more accurate representation and estimation of the model’s performance estimates.

DpG = max
n∈G

(Delay(G, n))

With the incorporation of this updated pipeline depth estimation model, and con-

sequently, the revised latency model (Equation 3.4), we have ensured deviation level

of approximately 12% on our proposed designs. The extent of this deviation may vary

slightly depending on the structure of each model.
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Fig. 5.6 A segment of the design’s waveform illustrates the distinction between the
initiation rate rst, which is applicable to the pipeline depth region of the layers, and the
input rate rin, evident for the remainder of the layer’s execution.
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5.5 Performance Evaluation and Results

This section presents the experimental results of our proposed method’s auto-generated

accelerators validated for a range of CNN models (both 2D and 3D) targeting a range of

AMD/Xilinx platforms, including the ZCU102 board (Zynq UltraScale+ XCZU9EG), the

Alveo U200 accelerator card (Virtex UltraScale+ XCU200), and the Virtex UltraScale+

VCU1525 (XCVU9P) and VCU118 (XCVU9P) boards. The models included in the

evaluation are listed in Table 5.2. The selected models have demonstrated exceptional

performance across diverse computer vision tasks such as image segmentation (UNet [36]),

object detection (YOLOv8 [125, 142]), 3D Volumetric Segmentation (UNet3D [143]), as

well as action recognition (X3D [6]). Aside from supporting a range of computer vision

applications and incorporating both 2D and 3D CNNs, the selected models display a wide

range of workload and network characteristics, with the unifying feature of integrating

long skip connections into their architectures.

Table 5.2 Characteristics of the evaluated CNN models.

Model Dataset
MACs
(G)

Params
(M)

# Layers
# Conv
Layers

Input Dims
Accuracy
(%)

Yolov8n COCO±[144] 4.37 3.16 115 63 (3, 640, 640)

37.10 (Float32)
37.10 (W16A16)
29.60 (W8A8)
35.10 (BFP8)

UNet CamVid![5] 130.12 28.96 53 23 (3, 368, 480)

71.67 (Float32)
71.67 (W16A16)
60.62 (W8A8)
71.75 (BFP8)

UNet3D BraTS2020∓[145] 918.64 5.65 52 19 (4, 155, 240, 240)

85.34 (Float32)
85.23 (W16A16)
1.15 (W8A8)
85.34 (BFP8)

X3D-M UCF101 [1] 6.97 3.82 396 115 (3, 16, 256, 256)

96.40 (Float32)
96.40 (W16A16)
0.81 (W8A8)
96.29 (BFP8)

± Accuracy reported in mAP50-95. ! Accuracy reported in mIOU. ∓ Accuracy reported in Dice Score.
 Accuracy reported in Top-1 Acc.

5.5.1 Baseline Setup

In this section, we briefly describe the baseline configuration for the ablation study of

the next sections. We utilise quantisation to further enhance the performance of our

designs and to be aligned with best practices in FPGA-based accelerator development.

Weights are quantized depending on minimum and maximum values within each channel

of each layer, using a channel-wise block floating-point format with an 8-bit wordlength.
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This is an efficient quantization scheme where all weights belonging to a single channel

are mapped to 8-bit integers using a shared floating-point scale factor and zero-point.

This approach effectively preserves the unique dynamic range of each channel, thereby

minimizing the accuracy loss typically associated with using lower-precision arithmetic.

Without additional fine-tuning, this process is applied directly to pre-trained weights.

Activations are likewise quantized with an 8-bit fixed wordlength, based on a calibration

set of data to capture their range. The quantisation approach has a modest accuracy

drop, as shown in Table 5.2, while providing significant improvements in resource

utilisation and model performance. Moreover, we leverage the device’s URAM, whenever

it is supported, to balance the utilisation ratios between BRAM and URAM, thereby

optimising overall utilisation efficiency as detailed in Section 5.4.1.

The reconfiguration of the device and partitioning of the models provide further

enhancements to the baseline configuration. As shown in Table 5.3, properly partitioning

the models across the available resources on the FPGA allows for larger models to be

deployed efficiently. This partitioning strategy, supplementary to the quantisation and

URAM utilisation techniques, enables the mapping of models that would otherwise

exceed the on-chip memory capacity. From this point onward, the term “baseline” will

refer to the designs incorporating all the features mentioned in this section, including

quantisation, URAM utilisation, and model partitioning.

Table 5.3 Breakdown and impact of model partitioning with device reconfiguration on
UNet3D designs targeting different batch sizes.

Batch Size 1 4 16 64
Number of partitions 4 5 6 6
Batch Latency (sec) 0.77 2.76 9.54 36.69
Batch Compute Time (sec) 0.53 2.43 9.13 36.28
Batch Reconfig Time (sec) 0.24 0.33 0.41 0.41
Reconfig Contribution on
Batch Latency (%)

31.16 11.95 4.29 1.11

 Cumulative value summed across all partitions.

The primary focus of the ablation study is on two models: Unet, a 2D model, and

Unet3D, a 3D model. However, it is essential to note that the conclusions derived from

this comprehensive analysis are applicable and hold true for the other models evaluated

in the final section.
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5.5.2 Off-Chip Streaming
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Fig. 5.7 Evaluation of the UNet and UNet3D under four different steaming strategies:
i) No off-chip streaming allowed (blue), ii) Only activations off-chip streaming allowed
(orange), iii) Only weights off-chip streaming allowed (green), iv) Both weights and
activations off-chip streaming (red).
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In Section 5.3, we discussed both activation eviction and weight fragmentation to overcome

the on-chip memory bottleneck. To better understand their individual contribution to

overall performance, we conduct an ablation study in Figure 5.7, and have the following

observations:

• The blue bars are the baseline designs, as described in Section 5.5.1, which have no

support for activation eviction and weight fragmentation at all.

• When enabling activation eviction only (orange bars), compared with the baseline

(blue bars), there is a small performance improvement for the UNet model of ∼ 5%.

In the case of UNet3D with a batch size of 1, there is a notable improvement in

performance, increasing from 1179 to 1245 MACs/sec.

• Moreover, in the case of UNet, there are performance improvements over both the

previous cases when using weight fragmentation only (green bars). The same does

not apply for the UNet3D case where weight fragmentation only performs the same

as the baseline approach.

• For both the cases of UNet and UNet3D (for batch size 1) the use of both method-

ologies (red bars) demonstrates significant improvement in performance up to 1.3×

for UNet and 1.1× for UNet3D. These results showcase the potential performance

gains when activation eviction and weight fragmentation are enabled under different

model workloads and FPGA devices.

• We also found the benefits of activation eviction and weight fragmentation are more

obvious under smaller batch sizes. For a relatively large batch size such as 64, our

DSE algorithm tends to create more partitions instead of using activation eviction

and weight fragmentation methodologies. This is due to the amortization of the

reconfiguration cost as the batch size increases, as shown in Equation 3.5.

5.5.3 Off-Chip Streaming Compression

To efficiently utilise off-chip memory bandwidth, we transfer data in encoded formats

such as Huffman and RLE. The performance impact of these encoding schemes is shown

in Figure 5.8 and the resource overhead is presented in Table 5.4. In terms of the resource

overhead, it accounts for the encoding and decoding modules per data stream where each

stream is originally is 8-bits wide. When applied to multiple parallel data streams, the

overhead needs to be multiplied by the number of data streams as well.



5.5 Performance Evaluation and Results 135

1 4 16 64

Batch size

0

25

50

75

100

125

150

P
er
fo
rm

an
ce

(G
M
A
C
s/
se
c)

59

69
73 75

71

90
97 99

108

142

160
166

no encoding huffman rle

(a) UNet performance under different compression strategies

1 4 16 64

Batch size

0

250

500

750

1000

1250

1500

P
er
fo
rm

an
ce

(G
M
A
C
s/
se
c)

1350
1415

1532
1595

1245
1324

1532
1595

1350
1415

1532
1595

no encoding huffman rle

(b) UNet3D performance under different compression strategies

Fig. 5.8 Evaluation of the UNet and UNet3D under three compression strategies for
off-chip streaming. The off-chip streaming configuration is fixed to weights & activations
streaming. The different colours denote the encoding scheme adopted: No encoding,
Huffman encoding, and Run-Length Encoding (RLE).

In order to evaluate the proposed encoding schemes, we apply the off-chip streaming

configuration outlined in the preceding section, which enables weight fragmentation and
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Huffman IP RLE IP

Encode Decode Encode Decode

LUT 11 400 26 36
FF 7 81 10 11

Table 5.4 Resource overheads for using Huffman and RLE schemes. The overhead is
applied per data stream containing 8-bit data. For compressing parallel data streams,
the overhead will be multiplied by the number of data streams as well.

activation eviction. For UNet (Figure 5.8a), we observe the RLE scheme is the best

choice, providing up to 2.21× MACs/sec compared with the non-encoding case, and

1.68× MACs/sec compared with the Huffman case. However, in the case of UNet3D

(Figure 5.8b), applying these encoding schemes does not provide any further perfor-

mance gain, which is due to the fact that the design becomes LUT-bounded instead

of BRAM/bandwidth-bounded. In fact, when using Huffman encoding for UNet3D,

the performance actually drops slightly due to the resource overhead for encoding and

decoding, making the LUT-bounded situation even worse in this case. Overall, we found

offloading weights and activations to the off-chip memory is beneficial to performance,

but whether to further apply any encoding scheme may vary case by case.

5.5.4 Comparison with related FPGA works

Table 5.5 presents a thorough comparison of the accelerator designs produced by our

method with those from previous studies. The evaluation includes a range of 2D and 3D

Convolutional Neural Network (CNN) models on several FPGA platforms. Our solution

has a significant advantage due to its adaptability. Our proposed solution has the ability

to produce a broad spectrum of accelerators tailored to the characteristics of each one

of the four major computer vision applications that we target: image segmentation,

3D segmentation, object recognition, action recognition. This adaptability extends

across both 2D and 3D spatial domains, showcasing the adaptability of our approach in

addressing a wide spectrum of applications.

Image Segmentation

In regards to image segmentation using UNet, prior studies improved and optimised the

model architecture, resulting in a reduction of the overall number of operations of the

original model. Variations in input size also affect the total MAC count. For this reason,
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we provide three metrics: fps, GOP/s, and GOP/s/DSP, to account for variations in

MACs as well as device diversity.

In comparison to [69], our UNet solution on VCU1525 demonstrates similar fps per-

formance. However, our design showcases a notable 10.65× improvement on throughput

expressed as the GOP/s. Due to the ZCU102’s limited resources and the large workload

of our UNet model (130 MACs versus 5.6 in [19], a 23.3× increase in model workload),

our design becomes compute bounded on this board, resulting in no performance im-

provement over [19]. However, targeting a larger device with more resources, such as

the U200, our design demonstrates a 2× improvement in GOP/s/DSP over [19]. This

metric, as explained earlier, is device-agnostic as it normalises over the number of DSPs.

We likewise achieve a 2.8× improvement over [136] under the same metric and board.

Despite achieving 1.7× greater GOP/s performance than [146], our solution achieves half

the GOP/s/DSP, which is likely owing to DSP implementation variations between Intel

and AMD devices.

3D Segmentation

No prior work has been identified for the 3D segmentation task using UNet3D. Our

proposed design achieved a performance of 1595 GOP/s targeting the U200 FPGA board.

Object Detection

In object recognition with YOLOv8, our proposed method achieves a 23× fps improvement

over [130]. However, it exhibits a slightly lower GOP/s/DSP performance of 0.16

compared to the 0.18 reported in [130].

Action Recognition

In comparing the results for the X3D-M model, this chapter demonstrates a substantial

performance improvement over the corresponding design in Chapter 4. On the same

ZCU102 board, the throughput achieved in Chapter 4 is 13.44 clips/sec, whereas in

this chapter, we achieved a throughput of 27.08 clips/sec—an improvement of 2.01×.

This significant increase underscores the impact of the methodologies introduced in this

Chapter, particularly the strategies for optimized off-chip memory utilization and the

balancing between off-chip and on-chip memory resources. Additionally, the enhanced

DSE contributed to more efficient selection of design points, further boosting throughput.

Another factor potentially contributing to the performance gains is the adoption of 8-bit
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block floating point (BFP8) precision, in contrast to the 16-bit fixed-point (W16A16)

precision used previously. The impact of BFP8 is multifaceted. Firstly, there is a

reduction in DSP and BRAM utilization, as demonstrated in Table 5.2. While the

BRAM usage is comparable to that of the Chapter 4 design, the reduced number of

partitions indicate that each partition can now accommodate a greater number of layers,

along with their associated parameters and buffers requiring on-chip memory. On top

of that the throughput improvements, as previously discussed, with only a negligible

drop in accuracy, further underscore the advantages of this approach. Together, these

advancements highlight the effectiveness of this Chapter’s approach in achieving higher

throughput while maintaining acceptable accuracy levels.
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5.6 Conclusions

In this chapter, we addressed the limitations of conventional streaming dataflow architec-

tures for FPGA-based CNN acceleration, particularly in handling large, complex models

that exceed on-chip memory available resources. Our proposed memory optimization

strategy redefines the role of both on-chip and off-chip memory in layerwise-pipelined,

streaming architectures, enabling efficient acceleration of more complex CNNs on FPGAs.

The main contributions of this chapter include:

• Efficient Memory Offloading for Streaming Architectures: We introduced a stream-

ing CNN accelerator that supports partial offloading of weights and activations

to off-chip memory. This approach mitigates on-chip memory constraints without

disrupting the computation pipeline, making it feasible to accelerate larger networks

that would otherwise be limited by on-chip resources alone.

• Design Space Exploration (DSE) for Optimised Memory Utilization: We intro-

duced a DSE strategy grounded in a greedy, iterative optimization algorithm that

automates the exploration of partitioning configurations and memory usage across

on-chip and off-chip resources. This approach ensures optimized resource utiliza-

tion and performance, particularly for memory-intensive and complex network

structures.

• Subgraph-Based Partitioning Methodology: Leveraging FPGA reconfigurability,

we developed a subgraph-based partitioning technique that enables effective trade-

offs between latency and throughput. Building upon the partitioning strategies

introduced in the previous chapter and incorporating the option to offload data to

off-chip memory, this method is particularly suited for hierarchical and branched

networks, distributing computational load more efficiently and enhancing flexibility

in resource allocation.

Our approach demonstrates significant improvements in resource efficiency and scal-

ability by maximizing the use of both on-chip and off-chip memory resources within a

streaming dataflow architecture. However, challenges remain when the primary optimiza-

tion target shifts from throughput to latency. The sequential processing of partitioned

designs and the reconfiguration penalties can introduce significant latency overheads,

making it challenging for current designs to meet real-time performance requirements.
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As a result, while our approach optimizes memory utilization effectively, it remains less

competitive in latency-sensitive scenarios, highlighting the need for alternative strategies.

In the following chapter, we address these limitations by investigating an alternative

approach which is specifically tailored to the requirements of latency-focused designs.

Unlike the throughput-optimized approaches covered in this and previous chapters, the

following chapter focusses on a new toolflow designed with latency as its main objective.

This unique approach deviates from the partitioning strategies utilised until this point,

introducing novel techniques to minimise the latency of the generated designs.





Chapter 6

Navigating New Waters:

Latency-Oriented Optimisation for

3D CNNs on FPGAs

6.1 Introduction

In previous chapters, we demonstrated significant advancements in throughput-oriented

optimisation for 3D Convolutional Neural Networks (CNNs) on FPGA devices. Our

proposed methodologies effectively maximized resource utilization, balancing on-chip

and off-chip memory utilisation to meet high-throughput demands within streaming

dataflow architectures. However, throughput-optimized designs often fail to meet the

strict timing requirements of latency-sensitive applications. Such applications require

real-time performance, while the sequential processing of partitioned designs and the

reconfiguration penalties introduce latency overheads that limit system responsiveness.

To address these limitations, this chapter introduces HARFLOW3D1, a novel toolflow

specifically designed to meet the demands of latency-oriented applications. While

HARFLOW3D follows the same foundational principles as the toolflow (as shown in

Figure 4.2) presented in Chapters 4 and 5—including a model parser, design space

exploration (DSE) stage, and hardware mapping component—it introduces two key

enhancements tailored for latency optimization. First, a scheduling component has been

integrated into the toolflow, as shown in Figure 6.2. Additionally, the hardware building

blocks have been updated to incorporate not only compile-time parameters but also new

1https://github.com/ptoupas/harflow3d
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Fig. 6.1 Pareto front on 3D CNNs: Latency over Accuracy. Designs produced by the
proposed HARFLOW3D toolflow dominate the Pareto front.
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runtime parameters, enabling them to adapt to multiple layers with varying workloads

across the model. This flexible configuration allows HARFLOW3D to support diverse

computational demands efficiently, achieving minimized latency for real-time Human

Action Recognition (HAR) applications.

Figure 6.1 showcases both prior work and HARFLOW3D designs in terms of achieved

accuracy versus latency. HARFLOW3D designs account for most of the points on

the Pareto front, demonstrating the toolflow’s ability to generate latency-optimized,

Pareto-optimal designs across a variety of 3D CNN models for HAR. This Pareto-optimal

relationship between accuracy and latency is a valuable asset for design workflows,

enabling a designer to finely adjust the balance between model accuracy and latency

performance.

The key contributions of this chapter are as follows:

• Introduction of HARFLOW3D, the first 3D CNN-to-FPGA latency-oriented toolflow

supporting a wide range of models and devices, achieving latency results competitive

with prior hand-tuned implementations.

• Highly-tuned runtime parametrised building blocks are introduced, incorporating

the support for feature map tiling and the capability to execute different layers

utilising the same underlying hardware in a time-multiplexing manner. These
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features enable the proposed designs to achieve significantly lower latency compared

to their non-parametrised counterparts.

• Comprehensive evaluation across multiple FPGA devices and 3D CNN models,

showcasing up to 5× latency improvement over state of the art FPGA-based

approaches.

HARFLOW3D advances FPGA-based acceleration by introducing a latency-optimized

toolflow, designed to meet the demands of real-time applications. Through proposed

scheduling and runtime parametrisation strategies, we set a new benchmark for efficiently

deploying 3D CNNs on FPGAs in latency-sensitive scenarios.

The work presented in this chapter is a collaborative effort, with the contributions

distributed as follows. The hardware-level implementation of the runtime-parametrised

building blocks and the validation of the corresponding hardware models represent A.

Montgomerie-Corcoran’s primary contributions. These core hardware contributions

are detailed in Sections 6.2.2 and 6.5.1. Figure 6.6 is also A. Montgomerie-Corcoran’s

contribution. Section 6.3 is a joint contribution from both A. Montgomerie-Corcoran

and myself. The remaining aspects of the work, are my own contribution.

6.2 Proposed Architecture

This section outlines the basics of the hardware architecture of the toolflow’s generated

designs. The proposed toolflow builds upon the streaming architecture principles estab-

lished in Chapters 3 and 4, while introducing key changes to address latency-oriented

demands. The main enhancements include the introduction of runtime-parametrised

hardware blocks, enabling each block to process multiple different layers of the 3D

CNN model in a time-multiplexing manner. This flexibility allows for optimized latency

performance by reducing the need for reconfiguration. Additionally, a new scheduling

component has been incorporated as shown in Figure 6.2. This scheduler is responsible

for generating the set of scheduling instructions, which are sent from the host CPU to

the FPGA. These instructions control the internal flags of the runtime-parametrised

hardware blocks, allowing them to adapt to different layers during the execution of the

model.

The Neural Network Model Parser, introduced in Section 4.3, is also utilised here as

the entry point of the toolflow. The 3D CNN model is converted into an intermediate

representation (IR) structured as a DAG, denoted by M = l1, ..., lL, where li represents
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Fig. 6.2 High level overview or the HARFLOW3D toolflow architecture. The four distinct
but connected parts are being shown in the diagram. The entry point which is the model
parser creates the intermediate representation (IR) and feeds that to the optimiser and
the scheduler. During the DSE, the optimiser and scheduler, exchange information with
the resource and performance models. Once the optimisation is finished the automated
hardware mapping tool converts IR into HDL code and then into a bitstream.

the ith layer within the set of model layers L and is expressed as an logical node of M .

The DAG is then translated into a Synchronous Data-Flow Graph (SDFG), denoted as

G, with N computation (or hardware) nodes, where G = n1, ..., nN .

6.2.1 Building Blocks Description

The foundational hardware building blocks used in this toolflow have been introduced

and detailed in Section 3.3.1, Section 3.3.2, and Section 4.3.1. In this chapter, we expand

on these building blocks by introducing runtime parameters, which provides additional

flexibility for adapting computation to varying layer requirements dynamically. Table 6.1

provides a summary of the parameters used for computation and logical nodes to support

the descriptions in the following sections.

To further help the reader follow the equations presented in this chapter, we reiterate

the information originally introduced in Section 3.3.1 regarding the input and output

feature maps. Feature-maps, representing the spatial, temporal, and channel dimensions
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of the data processed by each layer, are defined as:

S
in

n
= {H in

n ,W
in
n , Din

n , C
in
n }

S
out

n
= {Hout

n ,W out
n , Dout

n , Cout
n }

where H in/out
n , W in/out

n , Din/out
n , and Cin/out

n represent the height, width, depth, and

number of channels for the input and output, respectively.

To clearly distinguish between parameters set at different stages of our toolflow, we

adopt a specific notation throughout this chapter. Compile-time parameters, which

are fixed during the Design Space Exploration (DSE) to define the physical hardware

architecture, are represented by standard symbols (e.g. cin
n ). In contrast, runtime

parameters, which are dynamically configured during the model’s execution to adapt

the hardware to a specific layer’s workload, are denoted with a circumflex accent (e.g.

ĉin
n ). Furthermore, we use subscripts to differentiate between the hardware and software

levels of abstraction. Parameters associated with a hardware hardware node in the

hardware graph G are subscripted with n (e.g. cin
n ), representing a physical block on

the FPGA. Parameters corresponding to a model’s logical node (i.e., a specific layer) in

the model graph M are subscripted with l (e.g. cin
l ). This notation helps to clarify the

relationship between the fixed hardware configuration (compile-time, node n) and the

dynamic workload it executes (runtime, from layer l). For each type of operation, the set

V̂ specifies the runtime parameters associated with its hardware node:

• Convolution 3D:

V̂Conv = {Ŝin, Ŝout, K̂, Ĵ , P̂ , Ĝr, ĉin, ĉout, f̂}

• Pooling 3D:

V̂P ool = {Ŝin, Ŝout, K̂, Ĵ , P̂ , T̂ , ĉ}

• Global Pooling, Activation & Element-Wise 3D:

V̂GAP = V̂Act = V̂EltW ise = {Ŝin, Ŝout, T̂ , Q̂, ĉ}

• Fully Connected:

V̂F C = {Ŝin, Ŝout, ĉin, ĉout}
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6.2.2 Hardware Design and Implementation

The proposed architecture follows the paradigm of a system consisting of a processor

extended by a set of custom instructions. The core building blocks described before are

equivalent to custom instructions, and their control is performed through a CPU. Each

building block is connected to a crossbar that is responsible for handling the routing

of data between the building blocks and off-chip memory, as well as performing inter

building block routing. The memory access to and from memory is supported through

dedicated DMA blocks.

The architecture of the custom instructions follows the Streaming Architecture

paradigm, by implementing direct convolution operations and exploring the opportunity

of driving the instantiated building blocks as dictated by the 3D model without accessing

off-chip memory but at the same time can map multiple operations on the same building

blocks in a time-shared manner avoiding the need for reconfiguring the FPGA fabric.

The toolflow is responsible for identifying the required building blocks in order to

support the computations of a given 3D CNN model, as well as to tune them in order to

optimise the performance of the system given the available resources (FPGA resources

and off-chip memory bandwidth). As such, the resulting system is a heterogeneous multi-

core system, with blocks tailored to the 3D CNN model and the targeted FPGA device.

This deviates from the approach taken in other streaming toolflows such as FINN [23],

and fpgaConvNet [24], where the hardware is tailored to specific DNN models with

layers being deeply pipelined, utilising bitstream reconfiguration to overcome resource

constraints. Such design approach leads to high performance designs for throughput

oriented applications, however bitstream reconfiguration inhibits the ability to target

latency-driven applications with a latency target smaller than the reconfiguration time

of the device, which is usually in the order of hundreds of milliseconds.

Figure 6.3 illustrates a simplified diagram of an example accelerator generated for a

given model. Feature-maps are sent to and from off-chip memory via a pair of DMAs,

and sent to the hardware nodes through the configurable crossbars. The design has a

sandwich-like architecture, with the AXI-Stream crossbars routing data to and from

hardware nodes. The output crossbar connects to the input crossbar, allowing for

inter-connectivity between hardware nodes.

The fpgaConvNet [24] toolflow is utilised for the implementation of the computation

blocks. We regard this as the baseline design, where no runtime configuration is supported,

and only padded execution can be used to execute variable feature-map sizes. Figure 6.4
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Fig. 6.3 Block diagram of an accelerator instance produced by the HARFLOW3D toolflow.
The black lines describe AXI-Stream signals, where the arrows indicate the directionality
of the connection, blue are high-throughput AXI interfaces for DMA access, red are
AXI-Lite connections for runtime configuration of the hardware nodes, and green indicate
the DDR IO interfaces for communicating with off-chip memory.

illustrates how the baseline design has been modified to support runtime configurable

layers. The highlighted blocks constitute the overhead required for supporting runtime

reconfigurability. The additional hardware includes a configurable counter to change the

depth of the line buffers and accumulation buffers, and a crossbar to map configurable

kernel sizes to a configurable number of multipliers. The overhead from these additional

resources is negligible, and they do not impact the maximum achievable clock frequency.

Unlike the throughput-oriented toolflows of Chapters 4 and 5 which generate HLS

C++ code, HARFLOW3D produces hardware described in Chisel2, an open-source

hardware description language (HLD). This decision was made to leverage Chisel’s

greater flexibility and expressive power, which was crucial for implementing the advanced

features required for our latency-oriented designs, such as the runtime-parametrizable

building blocks.

2https://www.chisel-lang.org/
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Fig. 6.4 Diagram of hardware for Convolution, and how it can be used with runtime
parameters. The blue blocks represent compile-time configurable hardware modules. The
red blocks represent runtime configurable hardware modules. Cross-hatching gives an
example of how hardware elements can be bypassed at runtime.
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Table 6.1 Compile time parameters for node n in the hardware graph G, for each layer
type.

Fn Number of filters (output channel dimension)
Kn 3D kernel size (KD

n , KH
n , KW

n )
Jn 3D stride (JD

n , JH
n , JW

n ,)
Pn 3D Padding (PDs

n , PDe

n , PHs

n , PHe

n , PWs

n , PWe

n )
Grn Grouping along the channel dimension
cin

n parallel streams in
cout

n parallel streams out
fn Vector dot product folding

Fn Number of filters (output channel dimension)
cin

n Number of parallel streams in
cout

n Number of parallel streams out

Tn Type of activation
Kn 3D kernel size (KD

n , KH
n , KW

n )
Jn 3D stride (JD

n , JH
n , JW

n ,)
Pn 3D Padding (PDs

n , PDe

n , PHs

n , PHe

n , PWs

n , PWe

n )
cn Number of parallel streams in & out

Tn Type of activation
cn Number of parallel streams in & out

cn Number of parallel streams in & out

Tn Type of element-wise operation
Qn Mode of operation (default or broadcast)
cn Number of parallel streams in & out

Convolution

Fully Connected

Pooling

Activation

Global Average Pooling

Element-Wise
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6.3 Modelling

Precise, high-quality performance and resource modelling is essential to support a rapid

and valid design space exploration. In this section, we present a comprehensive, per-

layer performance and resource modelling for the runtime parametrised building blocks

described in Section 6.2.1. While this modelling follows the foundational principles and

concepts outlined in Section 3.4.2, it has been adapted to accommodate the flexibility

and dynamic configuration enabled by the newly introduced runtime parameters.

6.3.1 Performance Modelling

Performance modelling is required to evaluate the latency objective during design space

exploration. The execution latency of a layer is determined by the dominant bottleneck

between its computational workload and the available memory bandwidth. The latency

model for each supported hardware type as a function of its runtime parameters V̂ is

given as follows:

LConv(V̂) =
|Ŝout| · F̂ · |K̂|

ĉout · ĉin · f̂

LP ool(V̂) =
|Ŝin| · Ĉ · |K̂|

ĉ

LF C(V̂) =
Ĉ · F̂

ĉin · ĉout

LGAP (V̂) = LAct(V̂) = LEltW ise(V̂) =
|Ŝin|

ĉ

The preceding models assume unlimited memory bandwidth, however memory accesses

have limited throughput. In order to model the effect of memory bandwidth, the

consumption and production rates of the layer are required, which are given as,

rin
n (V̂) =

|Ŝin|

Ln(V̂) · ĉin
, rout

n (V̂) =
|Ŝout|

Ln(V̂) · ĉout

where rin
n (V̂) and rout

n (V̂) are the words per cycle per stream in and out of the hardware

node n when executing runtime parameters V̂ .
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For convolution and fully-connected layers in particular, extra memory bandwidth is

required to stream in the weight parameters. This rate is described as,

rparam
Conv,F C(V̂) =

Ĉin · F̂ · |K̂|

LConv,F C(V̂) · ĉin · ĉout · f̂

Alongside the double-buffering of weights, if the channel dimension of a convolution

or full-connected layer is folded, the partial sums must be accumulated. This requires

streaming the previous partial sum from off-chip memory, whose rate matches the rate

out.

rpsum
Conv,F C(V̂) = rout

Conv,F C(V̂)

The constrained bandwidth in and out can be described as,

BW in
n (V̂) = min{BW in

DMA, r
in
n (V̂) · ĉin}

BW out
n (V̂) = min{BW out

DMA, r
out
n (V̂) · ĉout}

where BW in
n (V̂) and BW out

n (V̂) are the constrained words per cycle for the execution

of parameters V̂ on the hardware node n. This approach models a performance bound,

where the effective on-chip data rate is capped by the available memory bandwidth. The

above model summarises the bandwidth in and out for all layers apart from convolution

and fully-connected. To describe these, the bandwidth for parameters and partial sums

must also be considered,

BW in
Conv,F C(V̂) = min{BW in

DMA, r
in(V̂) · cin+

rpsum
Conv,F C(V̂) · cout+

rparam
Conv,F C(V̂) · cin · cout · f}

For Fully Connected layers, f = 1. Given the bandwidths, the total latency for

executing a layer is given as,

L̃n(V̂) = max

{

|Ŝin|

BW in
n (V̂)

,
|Ŝout|

BW out
n (V̂)

}

(6.1)

It is worth noting that the performance models are functions of runtime parameters,

owing to the highly customisable hardware. Streaming Architectures tend to be compu-
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tationally bounded, as supported by the results presented in Section 6.5. As the size of

the feature-maps is significantly greater than that of the weights, the weight bandwidth

is often negligible in comparison to the overall bandwidth required. There is no latency

associated with updating the runtime parameters because they are also double-buffered

and require negligible information transfer (<100B).

6.3.2 Resource Modelling

Resource modelling is used to explore the performance-resource design space whilst

keeping designs within the target FPGA’s constraints. Modern FPGA devices share four

common resource types: DSP, BRAM, LUT and FF. Only the Conv and FC layers use

DSP resources, An analytical model of DSP usage for building blocks n of these layer

types is given by,

RDSP
Conv = cin

n · c
out
n · fnR

DSP
F C = cin

n · c
out
n

As a 16-bit fixed-point precision is used throughout the design, each DSP is used for

either 16 · 16 multiplication or multiplication-accumulation. For BRAM modelling, the

number of BRAM blocks can be described as,

RBRAM(depth, words) =
⌈

depth

512

⌉

·
⌈

16 · words

36

⌉

The bus width of the required memory is 16 · words as 16-bit fixed-point is used.

Only Conv, FC and Pool layers consume BRAM components. Both Conv and Pool use

BRAM for the Sliding Window module, which is described as,

RBRAM
SlW = RBRAM

(

Wn ·Dn ·
Cin

n

cin
n

, (KH
n − 1) · cin

n

)

+

RBRAM
(

Dn ·
Cin

n

cin
n

, KH
n · (K

W
n − 1) · cin

n

)

+

RBRAM
(

Cin
n

cin
n

, KH
n ·K

W
n · (K

D
n − 1) · cin

n

)

Conv and FC, require some extra memory for storing weights on-chip, which is

modelled as,
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RBRAM
W eight = RBRAM

(

Cin
n · Fn · |Kn|

cin
n · c

out
n · fn

, cin
n · c

out
n · fn

)

where for Fully Connected layers, Kn = {1, 1, 1} and fn = 1.

For the modelling of LUT and FF resources, a regression model is used due to the

non-deterministic nature of FPGA synthesis. The regression models are obtained from

a data set of 5000 synthesised modules, where the relationship between the module’s

parameters and resources are inferred.

Using the derived resource models, we can estimate the resource consumption of a

complete hardware graph (G),

Rtotal =

(

∑

n∈G

Rn

)

+ RDMA + Rxbar

where R describes the complete resources (DSP, BRAM, LUT, FF), for the given

component. The resource models for DSPs, BRAMs, FFs, and LUTs (R) are the same as

those introduced in Chapter 3; however, in this chapter, they are further broken down for

a per-layer analysis, offering a more granular view of resource utilization. Additionally,

this chapter extends the resource modelling by incorporating two new components not

previously included: The DMA and Crossbar (X-BAR) resource models. The former is

introduced due to the increased off-chip memory communication demands of the proposed

architecture, while the latter captures the resources needed to manage and drive the

runtime parameters of the parametrisable hardware building blocks. Both models have

been empirically derived from experimental results and are incorporated into the total

resource estimation. The quality of the resource model is evaluated in Section 6.5.1.

6.4 Latency-Driven Design Space Exploration

The minimization of the execution latency for a 3D-CNN model on a runtime-configurable

accelerator is formulated as an optimization problem. In this context, a comprehensive

Design Space Exploration is performed to identify an optimal combination of hardware

configurations and a schedule for execution that minimises latency while maximizing

resource utilization. Through this exploration, the proposed methodology seeks to balance

computational efficiency and adaptability, ensuring that the architecture can respond

dynamically to the varied workloads within latency-sensitive applications.
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6.4.1 Scheduling

Once an accelerator design has been created, a schedule is needed for executing the

3D-CNN model’s layers for this given design. The main choices with regard to scheduling

are:

• Mapping of the hardware nodes for executing the 3D-CNN model’s layers (i.e.

logical nodes).

• Tiling of the feature-maps of logical nodes on a given hardware node.

• Runtime configurations for all the invocations of the hardware nodes based on the

respective logical nodes parameters.

The mapping of a hardware node to the set of logical nodes it has to process, is

defined by the execution mapping function E : G 7→ Υ(M), where Υ(M) is the power-set

of M , which is all the distinct subsets of M . This mapping creates disjoint subsets of M ,

which can be described as,

E(n) ∩ E(m) = ∅ ∀ n,m ∈ G, n ̸= m

where E is the execution mapping function. The mapping function must give unique

mappings for each hardware node, such that none of the model’s layers are executed more

than once. The inverse mapping, E−1 finds the corresponding hardware node for a given

logical node. The mapping is decided based on the transform described in Section 6.4.3.

Once a mapping has been decided, the schedule for G, denoted as ΦG, can be created

for executing the 3D CNN model graph M on the hardware graph G. This schedule is

outlined in Algorithm 4. For each logical node l of the 3D CNN model graph, the tiling

factors across each of its dimensions are obtained (+
Hin

l

Hin
n

,, +
W in

l

W in
n

,, +
Din

l

Din
n

,, +
Cin

l

Cin
n

,), which are

then used to find the tile sizes for computation (Ĥ, Ĉ, D̂, Ĉ). The algorithm greedily

allocates as much of the feature-map as possible onto the hardware node and then chooses

the coarse factors based on the tile shape. Additional runtime parameters such as kernel

sizes and padding are also chosen based on the logical node’s parameters.

Having created the schedule ΦG, it can be used to execute the workload. The ordering

of dimensions in the proposed accelerator is NHWDC, representing the processing order

of Batch (N), Height (H), Width (W), Depth (D), and Channel (C), where the channel

dimension is the fastest changing, and so the schedule is also executed in this order. The
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Algorithm 4 Scheduling Algorithm

1: Φ← empty list ▷ initialise an empty schedule
2: for l in M do
3: n← E−1(l) ▷ get the hardware node

4: for i in range(+
Hin

l

Hin
n

,, +
W in

l

W in
n

,, +
Din

l

Din
n

,, +
Cin

l

Cin
n

,) do

5:

Ĥ ← min{H in
n , H

in
l − i

H ·H in
n }

Ŵ ← min{W in
n ,W in

l − i
W ·W in

n }

D̂ ← min{Din
n , D

in
l − i

D ·Din
n }

Ĉ ← min{Cin
n , C

in
l − i

C · Cin
n }

6: if type(n) is Conv or FC then

7: for i
F in range(+

F in

l

F in
n

,) do

8: F̂ ← min{F in
n , F in

l − i
F · F in

n }
9: cin ← max{ factors Ĉ }

10: cout ← max{ factors F̂ }
11: V̂ ← {Ĥ, Ŵ , D̂, Ĉ, F̂ , ĉin, ĉout}
12: Φ append (n, V̂)

13: else
14: c← max{factors Ĉ}
15: V̂ ← {Ĥ, Ŵ , D̂, Ĉ, ĉ}
16: Φ append (n, V̂)

total latency for execution is described as,

Ltotal(G) =
∑

n,V̂∈ΦG

L̃n(V̂) (6.2)

where n is the hardware node and V̂ is the corresponding set of parameters for each

configuration in the schedule. The latency L̃n(V̂) of each node n for a configuration V̂ is

described in Equation (6.1).

6.4.2 Optimisation Strategy

Simulated annealing (SA), a meta-heuristic for finding minima in non-convex functions,

is adopted as the optimisation approach for minimising the latency of 3D CNN model to

FPGA mapping. The main objective of the algorithm is to seek the global minimum

of a given cost function; in this case, the cost function is latency, which is analytically

computed from Equation (6.2). Starting at an initial state by producing random values

for the parameters of the hardware nodes, transformations to the hardware graph G are
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Fig. 6.5 Evolution of latency during Simulated Annealing for various FPGA devices.

applied iteratively generating new states that may be accepted or rejected based on a

policy as described in Algorithm 1 in Chapter 3. Each new state is evaluated based on

the system’s predetermined constraints, and is only accepted if it satisfies all of them.

The constraints that must be satisfied on the proposed system are the following:

• The available memory bandwidth should not be exceeded.

• The total used resources Rtotal should not exceed the available resources of the

device.

• The streams in and out (cin
n , c

out
n ) of each hardware node should be a factor of the

channels in and out respectively.

• The parameters for each layer emerged from scheduling must remain within the

maximum limits supported by the hardware hardware node responsible for its

execution.

Figure 6.5 depicts the evolution of latency during Simulated Annealing. The graph

depicts how the latency of the C3D model on various FPGA boards evolves over time.

As indicated by the graph, the starting point for each run has extremely high latency, as

all of the parameters are set to random values. The latency continues to improve until it

reaches a plateau, at which point the optimisation is terminated.
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6.4.3 Transformations

In order to traverse the design space, a set of transforms on the hardware graph G are

described below.

Feature-Map Dimensions Tiling

To efficiently process neural networks without requiring device reconfiguration, the

underlying hardware blocks must accommodate layers with varying feature-map sizes in

a time-multiplexing manner. Each layer in the network has unique spatial and channel

dimensions, necessitating a common tiling configuration that optimizes the utilization

of the hardware block across all layers. By identifying a common factor among the

feature-map dimensions of all layers of a certain type of operation, the hardware block

can effectively execute operations while avoiding scenarios where smaller feature maps,

particularly from deeper layers, lead to underutilization of computational resources. Thus,

tiling serves not only to ensure compatibility across layers but also to maximize the

utilization of hardware blocks.

Feature-map dimensions also determine the amount of on-chip memory required for

weight parameters and caching, such as the Sliding Window module, as described in

Section 6.3.2. Consequently, tiling becomes crucial for addressing the memory limitations

of FPGAs. This challenge is further intensified by the presence of multiple layer types,

each requiring a dedicated hardware building block, which substantially increases the

demands on memory and resource allocation. Directly processing large feature-maps

would increase buffering and on-chip memory requirements, making it impractical to

efficiently map multiple layers while maintaining high performance. By dividing feature-

maps into smaller, manageable tiles that fit within the available memory, hardware nodes

can process large feature-maps incrementally, ensuring feasibility and resource efficiency.

Tiling, therefore, serves a dual purpose: it accommodates layer variability and

alleviates memory constraints, ensuring high utilization of FPGA resources while enabling

the processing of high-dimensional feature-maps.

To implement this strategy, a fixed shape for the feature-map dimensions must be

assigned to the hardware node at compile time. At runtime, the layer is executed on the

hardware node by tiling the feature-map into smaller, manageable segments, as shown in

the example in Figure 6.6a. When the optimiser searches for the optimal feature-map

shape configuration for the hardware node for both the input and output, the following
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conditions must hold,

Dn f max{Dl : l ∈M}

Hn = max{Hl : l ∈M}

Wn f max{Wl : l ∈M}

Cn ∈ { factors Cl : l ∈M}

D
M
A

D
M
A

C
O
N
V

FCD
M
A

D
M
A

A
C
T

Tile 1

Tile 2 Tile 3

Tile 0 Tile 1

Tile 2 Tile 3

Tile 0 Tile 1

Tile 2 Tile 3

Tile 0

DRAMFM In FM Out

Starts
reading

once
FM is
full

(a) 3D CNN Model to SDFG mapping

X
-B

A
R

CONV

ACT

POOL

D
M

A
D

M
A

FC

ELTW

X
-B

A
R

(b) Hardware execution

Fig. 6.6 The Dataflow of a simple design consisting of Convolution, ReLU, and FC layers.
As the red lines and the crossbar dictate the flow between Convolution and ReLU can be
addressed within the FPGA without sending the data back to the off-chip memory. This
is the result of Fuse Activation optimisation.

For the row dimension (Hn), it is selected as the maximum across all layers because

variations in row size do not impact resource usage due to the way the Sliding Window

module is implemented. For depth (Dn) and column (Wn) dimensions, any value that is

both less than or equal to the maximum across all layers and greater than a minimum
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feasible size is considered valid. The channel dimension (Cn) is chosen to be a factor of any

of the existing channel dimensions. The tiling parameters, along with other parameters of

the hardware node (such as coarse and fine folding, as discussed in Section 6.4.3 below),

are explored during the design space exploration (DSE). These parameters are explored

by applying the respective transformations to the model graph G, ensuring that the

chosen tiling dimensions satisfy the above conditions and minimize the latency of the

design.

Coarse-grain and Fine-grain Folding

The concepts of Coarse-grain and Fine-grain Folding, which are key transformations for

achieving parallelism in 3D CNN model execution, were thoroughly described in Sec-

tion 3.4.3. These two folding techniques enhance performance by adjusting the degree

of parallelism at both coarse and fine operational levels, achieving a balance between

resource utilization and design performance. These folding strategies contribute to the

toolflow’s ability to explore trade-offs between latency and resource utilization, ensuring

designs meet specified performance constraints.

Combination and Separation of hardware nodes

As stated in Section 6.2.2, the toolflow allows several model logical nodes to share

the same hardware node. The initial mapping creates unique hardware nodes n for

each logical node l. In NNs with multiple layers, this is impractical since the FPGA

resources can be quickly exhausted, and the performance of each hardware node would

be compromised in order to fit the design. A combination of logical nodes by type for a

single hardware node (the available types are depicted in Figure 6.3) is proposed as a

solution to this issue. All logical nodes of the same type are combined and mapped onto a

single hardware node at the beginning of the optimisation. The compile-time parameters

of this node are then modified to ensure it can execute the operations required by its

associated logical nodes. This transformation is employed throughout the optimisation

procedure, and can affect the computation and logical nodes in two ways:

• Separate hardware nodes: The algorithm chooses Le logical nodes, where Le is a

hyperparameter, and detaches them from their corresponding hardware node. The

new group of logical nodes are integrated and mapped onto new hardware nodes

whose characteristics and parameters are adapted respectively.
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• Combine hardware nodes: The algorithm searches for hardware nodes of the same

type and selects Nc of them, where Nc is a hyperparameter, to combine into a

single hardware node. The hardware node’s compile-time parameters are updated

to support the new set of workloads.

Each time the combination or separation is applied, a set of constraints are considered to

assure the result’s validity. The required constraints are a combination of the Feature-Map

Dimensions Reshaping, Coarse-grain Folding, and Fine-grain Folding constraints.

6.5 Performance Evaluation and Results

6.5.1 Hardware Model Validation

Modelling of performance and resources is used extensively for rapid traversal of the

large design space. In this section, the accuracy of the performance and resource models

is validated across different hardware designs for C3D [3], demonstrating negligible error

between modelled and measured results.

Table 6.2 shows a direct comparison between predicted resources and resources after

synthesis for a C3D design. The DSP and BRAM models are highly accurate due to

the deterministic nature of their synthesis, as resource type annotations are used in the

hardware design. For the LUT and FF prediction accuracy, the modelling over-predicts

LUT usage and under-predicts FF usage. Logic optimisation contributes to fewer LUTs

in the final implemented design, and the additional FF resources likely arise from inter-

module buffering that is neglected in the modelling. Additional BRAM resources are

Table 6.2 Comparison of predicted and synthesised resources for C3D designs on a
ZCU102 board.

Hardware
Node

DSP BRAM LUT FF
pred. act. error pred. act. error pred. act. error pred. act. error

Conv 2304 2304 (+0%) 1052 1052 (+0%) 151K 138K (+9.4%) 155K 166K (-6.6%)

MaxPool 0 0 (+0%) 0 0 (+0%) 22K 17K (+29.4%) 16K 18K (-11.1%)

Gemm 128 128 (+0%) 456 456 (+0%) 11K 10K (+1.0%) 15K 18K (-16.6%)

ReLU 0 0 (+0%) 0 0 (+0%) 1.0K 1.4K (-28.5) 2.2K 2.2K (+0%)

DMA 0 51 2.9K 4.7K
X-BAR 0 0 1.7K 1.4K

Total 2432 2432 (+0%) 1559 1559 (+0%) 189K 171K (+7.8%) 194K 210K (-9.4%)

Avail. (2520) (1824) (274K) (548K)
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required by DMAs for the buffering of bursts across the feature-map. This is accounted

for during optimisation.

The convolution layers dominate the total resource consumption, with DSPs typically

being the limiting factor. The convolution layers are investigated further, where statistical

resource modelling information is captured over 16 designs with varying configurations

among different layers. Supporting the results of Table 6.2, the Mean Percentage Error

(MPE) and the Standard Deviation (Ã) over the 16 different convolution configurations

are shown in Table 6.3.

Table 6.3 Statistical resource modelling information over multiple synthesis runs for
different convolution layers and configurations.

DSP BRAM LUT FF

MAPE (%) 0.0 0.35 7.21 8.81
Ã 0.0 0.38 8.82 2.89

The accuracy of the performance model is evaluated in Figure 6.7, where the calcu-

lation of the percentage error is given by: error = |P redicted−Measured|
Measured

∗ 100. The small

percentage differences between predicted and measured results on ZCU106 board imply a

good level of accuracy and confidence in the toolflow’s modelling results. The divergence

between the expected and actual latency of the layers presented in Figure 6.7 is due to

the DMA introducing a delay between bursts due to memory access cycles. The MAPE

for all convolution layers of the C3D model at the particular design is 6.64%.

6.5.2 Performance Evaluation

This section evaluates the proposed methodology’s effectiveness in identifying optimal

latency-oriented designs. The automatically generated designs are benchmarked against

existing 3D CNN accelerators, using the same diverse set of 3D CNN models presented

in Chapter 4, specifically detailed in Table 4.2. Each model in this evaluation has shown

state-of-the-art performance across various HAR benchmarks, encompassing a range of

workload sizes and network complexities. Further details are available in Section 4.4.1 of

Chapter 4.

Ablation Study

In this section, an ablation study was undertaken to assess the effect of several optimization

strategies on the final performance of the proposed method. Having a baseline strategy
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Fig. 6.7 Comparison of predicted latency to measured latency for all the convolution
layers of C3D on the ZCU106 board, depicted as percentage error.

in place, as well as introducing and investigating modifications and additions to it, has

yielded significant insights and conclusions regarding the direction that should be followed

for improving the optimization process. For the ablation experiments, the R(2+1)D-18

model was used, although the findings apply to all supported models and devices.

Baseline Design Description:

The baseline optimisation strategy is defined as follows: the Simulated Annealing (SA)

hyperparameters are configured by, Ästart = 10, Ämin = 1 × 10−6, and the cooling rate

» = 0.99, while a warm start is executed prior to the execution of the optimiser. These

parameters remain constant throughout the ablation study. For the baseline experiments,

the Feature-Map Dimensions Reshaping, Coarse-grain Folding, and Fine-grain Folding

transformations are enabled while the use of runtime parameters and the fusion of

activation layers to preceding layer are disabled.

Optimisation Strategies:

• Building Blocks Combination: Incorporating the Combination and Separation of

hardware nodes transformation into the optimisation approach improved the op-

timiser’s performance by 1.14×. This optimisation is described in detail in Sec-

tion 6.4.3.
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• Fusion of activation functions into previous layer: Upon revisiting the optimisa-

tion findings and assessing each layer type of the model, it was found that the

activation layers are typically memory bound, which hinders the overall performance

of the design. To overcome this constraint, the fusion optimization was introduced.

Through the crossbars seen in Figure 6.6b, such layers are fused directly to the

preceding ones (mostly convolution layers). Since convolution layers are mainly

compute bound, the fused activation layers also become compute bound, suppress-

ing the memory bound limitation. The addition of this specific optimisation has

provided a 1.52× boost in performance.

• Runtime reconfiguration of layer parameters: The introduction of runtime recon-

figurability of hardware nodes resulted in the most significant improvement boost.

As described in Section 6.2.2, in a non-runtime parametrisable node, in order to

support a layer with different runtime feature-map dimensions the underlying hard-

ware modules would need to add padding to match the compile-time dimensions.

This affects the performance of the hardware node greatly, as it must perform

redundant operations. With the introduction of runtime parametrisable modules,

as shown in Figure 6.4, the extra cost of padding and all the redundant operations

are omitted, resulting in a 18.21× performance increase.

Resources against Latency Comparison

Figure 6.8 depicts the Pareto front between resources and latency. The DSP utilisation

was chosen to represent resources, as the generated designs are typically limited by

the number of available DSPs. The figure shows the optimiser’s ability to traverse the

resource-latency design space, achieving fine-grain control over this trade-off. Indeed the

optimiser is able to double performance along the Pareto front at the cost of double the

number of DSPs, exploring many design points in between.

Comparison to the state-of-the-art

Having evaluated the performance of the hardware and the effectiveness of the design

space exploration method, the proposed work is positioned against existing accelerator

works. Table 6.4 outlines the current space for FPGA-based 3D CNN acceleration, and

how HARFLOW3D compares. Please note that all existing accelerators are the product

of approaches that target only the specific workload, and thus are hand-tuned, where the

produced designs from HARDFLOW3D are generated by a single toolflow. Leveraging
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Fig. 6.8 Pareto front of DSP utilisation against latency for the R(2+1)D-34 model on a
ZCU102 platform during Simulated Annealing optimisation.

the parametrisation of the hardware blocks and the design space exploration (DSE)

process, we achieved outstanding performance across a diverse set of networks, surpassing

the performance of existing accelerators, as shown in Table 6.4.

Figure 6.9 provides a more extensive and direct comparison to existing works on C3D

model. Since HARFLOW3D can target all of the platforms that previous studies have

targeted for C3D, results for each of them have been collected for a direct comparison with

all of the existing works. The results are evaluated in DSP efficiency, GOPs normalised

over the device’s DSPs. As shown in Figure 6.9, HARFLOW3D achieves 1.89× increased

DSP efficiency on ZC706 compared to H. Fan [110]. On ZCU102, 5.03× greater results

are achieved than M. Sun [116]. On VC709, HARFLOW3D achieves 1.27× better DSP

efficiency than Z. Liu [113]. Compared to T. Teng [115] on VC707, the DSP efficiency is

1.48× lesser, however the comparison cannot be considered direct since the specific design

uses 8-bit fixed-point arithmetic precision. A direct comparison with J. Shen [2] was not

feasible since the authors used a different and smaller version of C3D compared to the

original one [3] used in the rest of the works, hence it is not included in this discussion.

The latency improvements achieved in this chapter are significant across all evaluated

models compared to those from Chapter 4. The results from Chapter 4 correspond to

designs generated by the toolflow when targeting a batch size of 1, without any specific

instructions to minimize latency (e.g. trying to minimise the number of partitions). For

the C3D model, latency decreases from 787.69 to 98.15 ms. Similarly, the SlowOnly
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Fig. 6.9 Comparison of the DSP efficiency between HARFLOW3D and previous works.
The wide range of the supported FPGA platforms allows for a direct comparison. We
demonstrate competitive, and in some cases superior performance.

model’s latency drops from 2845.97 to 309.56 ms, while R(2+1)D-18 sees a reduction

from 1851.48 to 48.99 ms. Finally, the X3D model shows a latency improvement from

3101.73 to 155.07 ms. Overall, the geometric mean improvement in latency across these

four models, comparing the designs from this chapter to those in Chapter 4, is 15.36×,

underscoring the effectiveness of the runtime reconfiguration approach in achieving low-

latency performance for 3D CNN models. This substantial improvement is primarily due

to the runtime reconfiguration blocks introduced in this chapter, which eliminate the

need for full device reconfiguration and the associated latency penalties. By enabling

on-the-fly adjustments, these blocks provide the flexibility needed to adapt efficiently to

the diverse layer requirements of the 3D CNN models, resulting in the significant latency

reductions observed.

Table 6.5 outlines a comparison between an Nvidia RTX 2060, a mid-range GPU

with 1920 CUDA cores, and a ZCU106, a mid-range FPGA evaluation board featuring

the Zynq UltraScale+ XCZU7EV device. The energy consumption per clip for the GPU

is 2.02J , while our design achieves 1.72J , reflecting a 1.17× improvement in energy

efficiency. This underscores the potential and advantages of our proposed approach in

addressing the challenges of 3D CNN computational workloads.
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Table 6.5 Comparison of HARFLOW3D against Nvidia RTX 2060 GPU on the C3D
model.

GPU FPGA (HARFLOW3D)

Platform RTX 2060 ZCU106
Clock Frequency 1.2 GHz 200 MHz
Memory Capacity† 6 GB 4 GB (38 Mb)

Memory Bandwidth 336 GB/s 19.2 GB/s
Precision Float32 W16A16

Latency/clip (ms) 25.96 182.81
Power (W) 77.97 9.44

Energy/clip (J) 2.02 1.72

† For the ZCU106 the number in the parenthesis indicates the
on-chip memory capacity.
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6.6 Conclusions

In this chapter we introduced HARFLOW3D, a latency-oriented toolflow for mapping 3D

Convolutional Neural Networks (CNNs) onto FPGAs. Targeting real-time applications,

HARFLOW3D addresses the specific challenges of minimizing latency in FPGA-based

acceleration for Human Action Recognition (HAR) tasks. Unlike the throughput-oriented

methods presented in the previous chapters, this chapter focused on strategies to reduce

latency by leveraging runtime configurability and enhanced scheduling methodologies.

Following are the contributions of this chapter:

• Development of HARFLOW3D, the first latency-oriented 3D CNN to FPGA

toolflow, capable of supporting a wide variety of models and devices. HARFLOW3D

integrates both compile-time and runtime parameterisation, significantly improving

the adaptability and latency performance compared to previous hand-tuned designs.

• Introduction of highly-tuned, runtime-parametrized building blocks that adapt

on-the-fly to varying layer requirements within a 3D CNN model, reducing device

reconfiguration overheads.

• Comprehensive evaluation across multiple FPGA devices and 3D CNN models,

with HARFLOW3D demonstrating up to 5× improvement in latency performance

over existing FPGA-based approaches. In particular, the average latency improve-

ment across all evaluated models compared to the Chapter 4 designs is 15.36×,

underscoring the impact of the runtime reconfiguration and scheduling techniques.

These advancements position HARFLOW3D as a significant step forward in enabling

FPGA-based acceleration for latency-sensitive applications. By setting a new benchmark

for low-latency FPGA deployments, HARFLOW3D enhances the feasibility of deploying

complex 3D CNN models in real-time settings.

One notable limitation in the current HARFLOW3D approach is the per-layer

execution model, which relies on interactions with the host CPU and off-chip memory.

This dependence can create bottlenecks, as the frequent off-chip communication may add

delays and stalls to the execution of the model. To address this, a potential enhancement

could involve developing larger processing blocks that encapsulate multiple layers of

the model. Such a design would reduce the need for frequent off-chip memory accesses

by keeping data on-chip across multiple layers, thus reducing delays and increasing

device resources efficiency. At the same time, these larger blocks could still support
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runtime configurability to maintain flexibility across different parts of the 3D CNN

model. This hybrid approach could combine the advantages of the deeply pipelined

architectures of throughput-oriented designs (as explored in previous chapters) with the

runtime configurability of the hardware blocks as presented in this chapter, potentially

delivering performance improvements when targeting both high throughput and low

latency applications.





Chapter 7

Conclusions

As we reach our final destination, it is time to reflect on the path traversed and the lessons

learned throughout this journey, which have shaped the key contributions and findings

of this thesis, highlighting advances made in the field of FPGA-based acceleration for

3D Convolutional Neural Networks (CNNs). Through the development of innovative

methodologies, toolflows, and optimization strategies, this work has addressed critical

challenges in efficiently mapping and accelerating modern 3D CNNs models. This chapter

summarises the key contributions of this thesis, linking the findings of the previous

chapters to the broader context of AI hardware acceleration. It also outlines potential

directions for future research, expanding on the foundations established in this work to

address emerging challenges in this rapidly evolving field. Finally, the chapter concludes

with reflections on the significance of this work and its place within the larger context of

AI innovation.

7.1 Summary of Contributions

A Primer on FPGA-Based 3D CNN Model Optimisation

Chapter 3 explored the mapping and optimization of 3D Convolutional Neural Networks

(CNNs) on FPGAs, focusing on the challenges arising from their high-dimensional data,

which imposes higher computational and memory demands compared to that of 2D

Convolutional Neural Networks. This chapter constitutes a case study on the X3D model,

a state-of-the-art 3D CNN for Human Action Recognition (HAR) at the time of writing

this thesis, chosen for its complex architecture and its state-of-the-art performance. The

choice of this model was motivated by the limitations of existing FPGA-based solutions
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in handling such complex architectures and the lack of approaches specifically targeting

3D CNNs.

To tackle these challenges, this chapter presented a novel streaming-based hardware

architecture for X3D, extending the Synchronous Data Flow (SDF) graph representation

previously used for 2D CNNs [24] to incorporate and support 3D CNN building blocks,

along with performance and resource models for these components. Leveraging a Design

Space Exploration (DSE) approach, a design was proposed that aligns with the specific

characteristics of the X3D model and the constraints of the target FPGA platform. By

showcasing the efficient deployment of X3D, the methodologies introduced in this chapter

established a foundation for the development of the subsequent toolflows.

Although initially designed for X3D, the methodologies presented in this chapter, serve

as a basis for accommodating a wider range of 3D CNN model architectures, showcasing

their adaptability and versatility. This chapter set the stage for the toolflows and

techniques developed in subsequent chapters, highlighting the potential of reconfigurable

hardware to meet the demands of modern AI workloads.

Streamlining FPGA-Based Optimisation for 3D CNNs Targeting Throughput-

Oriented Designs

Building on the foundations established in Chapter 3, Chapter 4 introduced fpgaHART,

a throughput-oriented toolflow designed to streamline and automate the mapping and

optimization of 3D CNNs on FPGAs. The optimization process, particularly the manual

partitioning of models, can be time-consuming, and may not always lead to optimal

designs. The motivation behind the introduction of this toolflow was twofold: to model

the partitioning process as an optimization problem, thereby reducing the manual effort,

and to provide a fast and automated approach for mapping and optimizing various 3D

CNN models across a range of FPGA devices.

The key innovations of this chapter include an automated model partitioning strat-

egy that iteratively identifies and refines optimal reconfiguration points, incorporating

guidance from user-provided hints. This strategy also facilitated the Design Space Explo-

ration (DSE) methodology introduced in Chapter 3, expanding its capabilities to manage

multi-branch and multi-input, multi-output partitions, made possible by the flexibility

to set reconfiguration points at arbitrary positions within the network. Furthermore, the

set of supported operations introduced in Chapter 3 was extended to accommodate the

3D CNNs evaluated in this chapter, including C3D, SlowOnly, R(2+1)D-18, R(2+1)D-34.

These contributions enabled fpgaHART to deliver significant throughput improvements
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across various FPGA platforms and 3D CNN models, establishing a solid foundation for

high-throughput AI accelerators tailored to 3D CNNs.

Chapter 4 showcased the effectiveness of automation in optimizing complex 3D

CNN architectures to achieve high throughput designs. By expressing the partitioning

process as an optimization problem, the proposed approach reduced the manual effort

and enabled the development of scalable and efficient design solutions. This chapter

established a solid foundation for automated partitioning and optimization, marking a

significant step forward in FPGA-based acceleration for high-performance AI workloads.

Enhancing CNN Performance by Leveraging Off-Chip Memory Utilisation on

FPGAs

Chapter 5 extended the capabilities of the fpgaHART toolflow, enabling it to explore a

broader design space. This chapter addresses the challenge of limited on-chip memory in

FPGA-based streaming architectures, a constraint that often hinders the handling of

large and complex 3D CNN models with deep skip connections and significant buffering

requirements.

To address these challenges, this chapter introduced a memory optimization strategy

that revisits the utilization of both on-chip and off-chip memory in layerwise pipelined

streaming architectures. Key innovations include integrating additional memory-related

options into the DSE process, such as activation eviction to off-chip memory and weight

fragmentation for convolutional layers, enabling partial offloading of layer weights to

off-chip memory. Additionally, an expanded subgraph-based partitioning approach was

developed, incorporating the option to offload data to off-chip memory. These additions

allowed for improved memory efficiency while reducing computation pipeline stalls.

Chapter 5 addressed the critical challenge of limited on-chip memory in FPGA-based

streaming architectures. By leveraging both on-chip and off-chip memory resources,

this chapter demonstrated how modern 3D CNN models can be efficiently handled

without compromising performance. The advancements made here not only maximize

the memory efficiency of the produced designs but also provide a scalable solution for

tackling increasingly demanding AI workloads on FPGAs.

Latency-Oriented Optimisation for 3D CNNs on FPGAs

In contrast to the previous three chapters, Chapter 6 focused on the challenge of

optimizing 3D CNNs for latency-sensitive applications, such as real-time human action
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recognition. Throughput-oriented designs often introduce latency overheads due to

sequential processing and reconfiguration penalties, necessitating a different approach

tailored to minimizing latency. To address these limitations, this chapter introduced

HARFLOW3D, a latency-oriented toolflow specifically designed to meet the demands of

latency-critical applications.

The key innovations of this chapter include the introduction of highly-tuned, runtime-

parametrizable hardware blocks. These blocks incorporate feature map tiling and support

the execution of multiple layers using the same underlying hardware. Runtime param-

eterisation is achieved through custom instructions sent from a host machine, derived

from a static schedule generated during model optimization. This approach eliminates

the need for device reconfiguration, enabling HARFLOW3D to achieve significant la-

tency reductions while delivering competitive, and even state-of-the-art, performance

compared to other existing works in the field. The toolflow was evaluated across multiple

FPGA platforms, achieving state-of-the-art performance and demonstrating substantial

improvements over existing approaches.

In summary, Chapter 6 tackled the critical challenge of optimizing 3D CNNs for

latency-sensitive applications, providing a novel solution with the HARFLOW3D toolflow.

By introducing runtime-parametrizable hardware blocks and leveraging static scheduling

to eliminate reconfiguration overheads, this chapter demonstrated the feasibility of achiev-

ing significant latency reductions without compromising performance. HARFLOW3D

demonstrated state-of-the-art performance, setting a new benchmark for FPGA-based

acceleration in latency-critical, real-time applications.

7.2 Future work

This thesis has focused on leveraging the reconfigurable nature of FPGAs to develop

optimised and efficient solutions for executing the workloads of 3D Convolutional Neural

Networks (CNNs), addressing their computational and memory challenges in both

throughput- and latency-oriented designs. While significant progress has been made,

there are still promising opportunities for future research to expand upon the foundations

established in this study.

Exploring Hybrid Architectures

A natural extension of this research lies in the development of hybrid architectures

that combine the strengths of throughput- and latency-oriented designs. This could be
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accomplished by enhancing the parametrized hardware blocks introduced in Chapter 6

to incorporate multiple layers within each block, internally pipelined in a way similar

to the designs presented in Chapters 4 and 5. This hybrid approach would further

expand the design space, allowing the exploration of novel configurations that neither

the latency-focused nor throughput-focused toolflows could previously consider. This

enhancement would open new possibilities for fine-tuning the balance between latency

and throughput while maintaining high utilization of FPGA resources, paving the way

for more versatile FPGA-based solutions.

Enhancing Design Space Exploration Algorithms

Another promising direction involves improving the Design Space Exploration (DSE)

optimisation algorithms. Although combining such algorithms with heuristics has proven

effective in generating high-performance designs, these strategies can be further en-

hanced to more systematically and efficiently navigate the vast design space. Specific

improvements could include:

• Advanced Search Strategies: Future work could explore the integration of more

sophisticated, learning-based optimisation techniques. For instance, Reinforcement

Learning (RL) could be employed to train an agent that learns an optimal policy

for applying transformations to the SDFG. Such an agent could potentially discover

non-intuitive, high-performance configurations that heuristic methods might miss,

while also reducing the time required to find a solution.

• High-Fidelity Cost Models: The accuracy of the DSE is fundamentally tied to

the precision of its performance and resource models. A valuable research direction

would be to develop more accurate cost models using machine learning. By

training a model on a large dataset of post-synthesis results from various hardware

configurations, it would be possible to create predictors that more accurately

estimate resource utilisation (LUTs, FFs) and performance metrics, leading to

better-informed decisions during the DSE process.

Adapting to Vision Transformers

Finally, while this thesis targeted 3D CNNs, the growing significance and potential of

Vision Transformers (ViTs) cannot be overlooked. ViTs mark a significant architectural

shift, relying on the self-attention mechanism, which introduces unique hardware acceler-
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ation challenges. The methodologies developed in this thesis provide a strong foundation

for addressing these challenges:

• Hardware Acceleration of the Self-Attention Mechanism: The primary

computational bottleneck in ViTs is the self-attention module, which has a quadratic

complexity with respect to the input sequence length. The streaming architecture

approach in this thesis is well-suited to tackle this. A key research avenue would be

to design a dedicated, highly-pipelined hardware building block for the self-attention

mechanism, similar to how convolutional layers were handled. This block would be

optimised for the large matrix multiplications (Query, Key, and Value projections)

and the subsequent softmax and value aggregation steps.

• Managing Memory for Large Tensors: The self-attention mechanism generates

large intermediate tensors, such as the attention score matrix, which can easily

exceed on-chip memory capacity. The memory management strategies developed

in Chapter 5, specifically activation eviction and weight fragmentation, could be

directly adapted to this challenge. These techniques would allow the system to

intelligently offload large attention maps to off-chip memory, mitigating on-chip

memory bottlenecks without stalling the computational pipeline, which is a critical

issue for ViT acceleration.

Through these extensions, the contributions of this thesis could be expanded to tackle

an even broader array of challenges, ensuring the continued relevance and applicability

of FPGA-based solutions in the evolving field of AI hardware acceleration.

7.3 Final Thoughts and Reflections

The journey undertaken in this thesis represents a step toward in addressing the ever-

growing computational and memory demands of modern AI models. By leveraging the

flexibility of FPGAs and focusing on model-agnostic solutions, this work has demonstrated

how the reconfigurable nature of these devices can be utilised to meet the challenges

posed by state-of-the-art machine learning models deployed in resource-constrained

environments.

The remarkable growth of AI has brought unprecedented capabilities while at the

same time has created significant demands for computational efficiency. By addressing

these challenges, this thesis contributes to a larger body of work that seeks to make

AI systems more accessible, sustainable, and efficient in real-world settings. While the
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focus of this thesis has been on 3D CNNs, with the specific contributions tailored to

these workloads, the methodologies and approaches developed offer a basis that can

be extended to other domains, addressing the diverse and emerging challenges in AI

acceleration. As AI continues to evolve, this work underscores the importance of curiosity

and exploration in driving research forward.
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